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This research work focused on developing and evaluating the methodologies 
proposed for hazard quantification and loss estimation of the combined hurricane wind 
and flood. The overall research was divided into three studies. A methodology to quantify 
the joint occurrence probability of hurricane wind and flood was first introduced in Study 
I. A procedure to select ensembles of hazard-consistent full-track hurricane scenarios (i.e. 
with similar return periods) was proposed next in Study II. Finally in Study III, a new 
hurricane mitigation framework was developed using the agent-based modeling (ABM) 
technology to evaluate the effectiveness of incentive programs under both hurricane wind 
and flood hazards.  
In Study I, the peak wind speeds and peak flood elevations were calculated for 
candidate hurricanes in a database of 50,000 years of simulated hurricane events. A wind 
field model and a boundary layer model were used to compute the surface wind speeds. 
The flood elevations were calculated using a storm surge model. The joint mean 
recurrence interval (MRI) contour plots and the joint hazard maps were introduced to 
quantify the joint hurricane wind and flood hazards for a case study area (Charleston 
Peninsula, South Carolina). The joint hazard maps contain paired wind speed and flood 
elevation contour lines with constant joint occurrence probabilities (or MRIs). It was 
found that the hurricane events with different wind speed and flood elevation 
combinations can have the same joint MRI or return period. 
Using the method developed in Study I to quantify the joint MRI for hurricane 
wind and flood hazards, a new methodology was then proposed for the selections of the 
 iii 
hazard-consistent hurricane scenarios (i.e. with similar joint MRIs). The selected 
hurricane scenarios were imported into the HAZUS-MH (Hazards U.S. – Multi-Hazards) 
program for combined hurricane wind and flood loss estimations. We found out that the 
joint occurrence probability of hurricane wind and flood should be considered in 
scenario-based hurricane loss estimations, because hurricane scenarios selected based on 
only wind speeds or only flood elevations may overestimate the combined losses.  
To evaluate the effectiveness of different incentive levels on mitigating regional 
hurricane hazards, a new hurricane mitigation framework was developed using agent-
based modeling approach in Study III. This framework models each individual building 
and householder (agent), as well as the change in building inventory due to constructions 
and demolitions. The decisions of agents whether to implement certain retrofit measures 
are influenced by incentive and the hazards experienced by the agents. An ABM loss 
assessment case study was performed for Miami-Dade County, Florida using property tax 
reduction (PTR) as incentive for retrofitting buildings to mitigate hurricane hazards. By 
varying the maximum reduction of property tax, it was found that the PTR between 50% 
and 75% was an optimal level in terms of minimizing the overall societal cost for Miami-
Dade County. The ABM loss assessment methodology developed in this study can be 
used by coastal jurisdictions for structure design and hazard mitigation, or insurance 
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1.1 Background and objectives 
 
Hurricane induced property damages and losses have increased rapidly in the past 
few decades due to economy and population growth in the coastal regions (Crossett et al. 
2013). Approximately 50% of the U.S. gross domestic product is located within or near 
the coastal areas (National Oceanic and Atmospheric Administration 2012), and the 
nation’s population who lives in the coastal regions has increased by almost 40% in the 
past four decades (1970 ~ 2010, U.S. Census Bureau 2012). All these changes have led to 
more high-value properties being exposed to extreme winds and floods. As a result, the 
majority of the top ten costliest hurricanes in the U.S. history (after inflation adjustment), 
which include Hurricane Katrina (2005), Hurricane Sandy (2012), Hurricane Ike (2008), 
Hurricane Wilma (2005), Hurricane Irene (2011), and Hurricane Rita (2005), occurred in 
the past 10 years (Blake et al. 2011).   
The damages and losses due to hurricanes come from both wind and flood 
hazards. The wind damage is most frequently occurred on the building envelope, such as 
roof, windows, doors, or other openings; and the flood damage is usually initiated at the 
lowest elevations of a building (e.g. foundation or first story) and progresses upwards as 
the depth of flood increases. Because the wind and coastal flood hazards are most likely 
to occur simultaneously, their joint occurrence probability should be considered. In 
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current design codes, the Saffir-Simpson scale (Simpson 1974), which is a commonly 
used hurricane classifier, is provided to estimate the surge height of a hurricane given 
wind speed, or vice versa. However, a simple rating system such as the Saffir-Simpson 
scale cannot be used to characterize the joint occurrence probability of hurricane wind 
and flood. For instance, Hurricane Ike that made landfall as a Category 2 hurricane 
(classified based on its maximum wind speed) in 2008, created a peak surge height of 
5.33 m (Brown et al. 2010), which is considered as a Category 5 surge event per the 
Saffir-Simpson scale. This indicates that there is a need to quantify the relationship 
between hurricane wind speed and surge height as well as the joint occurrence probability 
of hurricane wind and flood. 
The HAZUS-MH (Hazards U.S. – Multi-Hazards) program developed by FEMA 
(Federal Emergency Management Agency) is a risk assessment program designed for 
estimating the potential losses due to natural hazards, such as earthquakes, winds and 
floods (FEMA 2012a,b). HAZUS-MH can be used to estimate the combined losses due to 
hurricane wind and flood by analyzing the “wind-only” (caused by wind pressure, tree 
blowdown, etc.) and “flood-only” (caused by storm surge and wave) losses, respectively 
(FEMA 2012a,b). While the hurricane model (for “wind-only” loss) in HAZUS-MH 
allows loss estimation to be performed using a probabilistic wind hazard map, the flood 
model (for “flood-only” loss) only allows one to perform single-event-based loss 
estimation (FEMA 2012a,b). Therefore, in HAZUS-MH, the combined wind and flood 
losses can only be analyzed using event-based hurricane hazards (i.e. full-track 
hurricanes). That is to say, the estimations of the combined losses for specific return 
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periods cannot be easily achieved using the current HAZUS-MH program. Among 
others, the total loss caused by a hurricane depends on its path, central pressure, and wind 
profile. In order to use the HAZUS-MH program to estimate the combined wind and 
flood losses for particular return periods, one must select ensembles of hazard-consistent 
(having similar return periods) hurricane scenarios (i.e. with different paths, wind 
profiles, etc.) which account for the joint occurrence probability of hurricane wind and 
flood. 
To mitigate hurricane losses in coastal areas, retrofit measures for strengthening 
the existing building stock can be implemented. Compared with earthquake-induced 
damage, which is mainly due to ground shaking, hurricane-induced damage is more 
complex. These damages include not only those caused by strong wind, but also others 
related to storm surge, windborne debris, rainwater intrusion, etc. Therefore, the concept 
of regional retrofit, which has been commonly used in earthquake engineering (e.g. Dodo 
et al. 2005, 2007; Xu et al. 2007; Vaziri et al. 2010), has only been applied to hurricane 
hazard mitigation in recent years (e.g. Legg et al. 2013). Moreover, summarized by Ge et 
al. (2011), coastal jurisdictions always encourage their communities to adopt hazard 
mitigation measures to reduce property damages and casualties during hurricanes. 
However, even in hazard-prone regions, homeowners are often reluctant to implement 
retrofits because of lack of financial incentive. Therefore, incentive programs have been 
introduced by many state (e.g. Louisiana) and local governments (e.g. Miami-Dade 
County) to promote hurricane retrofits. In this study, a new agent-based framework was 
developed for the purpose of evaluating different incentives. This framework accounts for 
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not only new constructions, but also demolitions of buildings. Most importantly, it is able 
to consider stakeholders’ decision making on the adoptions of hurricane mitigation 
measures under different incentives, and evaluate the effectiveness of the incentive 
programs at the global level (i.e. total benefit to the entire region). 
The background and motivations discussed above resulted in the following 
objectives for Chapters Two, Three, and Four, which are standalone journal articles: 
(1) Improve the existing method for the quantifications of the combined 
hurricane wind and surge hazards considering the joint occurrence probability of 
hurricane wind and surge. (Chapter Two) 
(2) Map the joint hurricane wind and surge hazards for Charleston Peninsula, 
South Carolina (SC). (Chapter Two) 
(3) Propose a new methodology for the selections of the hazard-consistent 
hurricane scenarios. These scenarios account for the combined effects of hurricane wind 
and flood. (Chapter Three) 
(4) Perform HAZUS-MH combined hurricane wind and flood loss estimations 
using the selected hurricane scenarios, and compare with those estimated using scenarios 
selected based only on wind speeds or only on flood elevations. (Chapter Three) 
(5) Develop a new hurricane mitigation framework that considers stakeholders’ 
points of view on the adoptions of hurricane mitigation measures and the dynamic 
evolutions of building inventory using the agent-based modeling technique. (Chapter 
Four) 
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(6) Evaluate the cost-benefit of different incentive levels on regional hurricane 
mitigation for a case study area. (Chapter Four) 
This dissertation is organized in a manuscript format with five chapters. The first 
Chapter provides an overview of the dissertation and explains the background and 
motivations of the current study. Chapters Two, Three and Four are presented as 
independent journal manuscripts with abstract, introduction, model and methodology 
descriptions, results and discussions, as well as summary and conclusions given in each 
of the chapters. The overall conclusions and recommendations for future work are given 
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MAPPING JOINT HURRICANE WIND AND SURGE HAZARDS FOR 





Combined effects of hurricane wind and surge can pose significant threats to 
coastal cities. Although current design codes consider the joint occurrence of wind and 
surge, information on site-specific joint distributions of hurricane wind and surge along 
the U.S. Coast is still sparse and limited. In this study, joint hazard maps for combined 
hurricane wind and surge for Charleston, South Carolina (SC) were developed. A 
stochastic Markov chain hurricane simulation program was utilized to generate 50,000 
years of full-track hurricane events. The surface wind speeds and surge heights from 
individual hurricanes were computed using the Georgiou’s wind field model and the 
SLOSH (Sea, Lake and Overland Surges from Hurricanes) model, respectively. To 
validate the accuracy of the SLOSH model, the simulated surge levels were compared to 
the surge levels calculated by another state-of-the-art storm surge model, ADCIRC 
(Advanced Circulation), and the actual observed water elevations from historical 
hurricane events. Good agreements were found between the simulated and observed 
water elevations. The model surface wind speeds were also compared with the design 
wind speeds in ASCE 7-10 and were found to agree well with the design values. Using 
the peak wind speeds and maximum surge heights, the joint hazard surfaces and the joint 
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hazard maps for Charleston, SC were developed. As part of this study, an interactive 
computer program, which can be used to obtain the joint wind speed and surge height 
distributions for any location in terms of latitude and longitude in Charleston area, was 
created. These joint hazard surfaces and hazard maps can be used in a multi-hazard 





 Hurricane prone regions along the U.S. Eastern Coast and the Gulf of Mexico are 
at high risk of suffering severe damages and losses from hurricane wind and surge 
hazards. The recent 2012 Hurricane Sandy and 2011 Hurricane Irene caused significant 
storm surges to the Northeastern coast of the U.S., resulted in $65 billion (2012 USD) 
(Smith and Katz 2013) and $15.8 billion (2011 USD) (Avila and Cangialosi 2012) in 
total property damages, respectively, which made them among the top ten costliest U.S. 
Atlantic hurricanes (Blake et al. 2011). On average, the annual hurricane loss from 1900 
to 2005 in the continental U.S. was estimated to be $10 billion (2005 USD) per year 
(Pielke et al. 2008). The U.S. coastal population has increased by 39% from 1970 to 2010 
(Crossett et al. 2013). Currently, more than 123 million people or 39% of the U.S. 
population resides in the coastal counties, which account for less than 10% of the total 
U.S. continental land area. Population growth in the coastal regions along with more high 
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value properties being exposed to hurricane risks may result in future hurricane losses 
that greatly exceed the current levels of annual losses. 
Although the U.S. design codes and standards (e.g. ASCE 7-10) consider the 
combined effects of wind and flood loadings, the joint occurrence probabilities of 
hurricane wind speeds and surge heights are not properly addressed in any of the current 
design code or standard (Phan et al. 2007;  Li et al. 2012). For example, the design wind 
speed maps for Load Resistance and Factor Design (LRFD) in ASCE 7-10 for Risk 
Categories I, II, and III & IV correspond to return periods of 300, 700 and 1,700 years, 
respectively, while the flood elevation maps, also known as the Flood Insurance Rate 
Maps (FIRMs), are typically developed for 100- or 500-year return periods (FEMA 
2008). Using wind speeds and flood elevations from different return periods for 
engineering design may result in inconsistent and incorrect quantification of the load 
effects.  
In ASCE 7-10, the Saffir-Simpson hurricane classification scale (Simpson 1974) 
is utilized to provide mapping between the maximum wind speeds, the damage potential 
of hurricanes, and the corresponding estimated surge heights (see Table C26.5-1 in ASCE 
7-10). Although the Saffir-Simpson hurricane scale is useful for rapid prediction of the 
potential storm surge heights, it has been observed in many past storm events that the 
actual storm surge elevations could differ significantly from that of the Saffir-Simpson 
scale. This is because the surge elevations are highly dependent on the local bathymetry 
and topography along with the hurricane wind fields. These factors are not considered in 
the Saffir-Simpson scale. Thus, the surge height estimates based on the Saffir-Simpson 
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scale may not be reliable. For instance, the 2005 Hurricane Katrina made its second 
landfall in Louisiana as a Category 3 hurricane with a sustained wind speed of 205 km/h 
(125 mph) and was expected to produce between 1.9 to 2.7 m of storm surges per the 
Saffir-Simpson scale (Table C26.5-1 in ASCE 7-10). However, the actual peak surge 
height of Katrina was measured at 8.5m (Knabb et al. 2005), which greatly exceeded the 
expected surge elevations of the Saffir-Simpson scale. 
Several studies were performed in recent years to consider the combined effects 
of hurricane wind and surge hazards. Li et al. (2012) conducted a risk assessment for 
residential buildings by estimating the combined losses from hurricane wind, storm surge 
and rainwater intrusion. The correlation between wind and surge was considered in their 
study by implementing a hurricane-induced surge model through regression analysis of 
historical data. Friedland and Levitan (2011) developed a joint hurricane wind-surge 
damage scale based on a loss-consistent basis. In their study, the HAZUS-MH (Hazards 
United States Multi-Hazards) hurricane wind model (FEMA 2012a) and the USACE 
(U.S. Army Corps of Engineers) flood depth-loss functions (USACE 2000) were utilized 
to analyze the correlation between wind and flood losses. Legg et al. (2010) introduced a 
method, which was later modified by Apivatanagul et al. (2011), to estimate the long-
term hurricane wind and surge hazards using a reduced set of hurricanes based upon an 
optimization-based probabilistic scenario. A genetic algorithm was utilized to minimize 
the weighted summation of errors between the “true” hazard curves (i.e. annual 
probability of exceeding certain wind speed or surge height) and the curves created using 
the reduced set of hurricanes. Phan et al. (2007) proposed a methodology for creating 
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site-specific joint distributions of combined hurricane wind and surge for Tampa, Florida 
(FL). In their study, the full-track hurricanes used in the Florida Public Hurricane Loss 
Model (FPHLM) (Powell et al. 2005) were utilized to compute the wind speeds and the 
surge heights were determined using the SLOSH model (Jelesnianski et al. 1992). 
This paper presents a methodology adopted and modified from the procedure 
presented by Phan et al. (2007) to generate the joint hurricane wind and surge hazard 
maps based upon the peak wind speeds and surge heights produced by individual 
hurricane events. The methodology was employed to produce joint hurricane wind and 
surge hazard maps for Charleston, South Carolina. In this study, 50,000 years of 
simulated hurricanes were generated. The peak wind speeds at Charleston were computed 
using the Georgiou’s wind field model (Georgiou 1985) and the peak surge heights were 
determined using the SLOSH program. 
Note that, in this paper, two definitions are used to describe surge elevations: 
surge height is referred herein as the inundation height (i.e. water elevation with respect 
to the ground level), while surge level is referred as the water elevation measured from 
the mean sea level (model output). The use of the term hurricane in this paper also refers 
to both tropical storm and hurricane-grade storm, which is classified as Categories 1 to 5 






2.3 Hurricane simulation procedure 
 
 Many state-of-the-art hurricane simulation models have been introduced since 
1990s for hazard mapping, risk assessment and loss estimation (e.g. Vickery et al. 2009b; 
Emanuel et al. 2006; Vickery et al. 2000; Huang et al. 2001). Among the different 
simulation models, the stochastic Markov chain simulation model developed by Vickery 
et al. (2000, 2009b) is one of the most widely used models in the wind engineering and 
research community (Liu and Pang 2013; Apivatanagul et al. 2011; Legg et al. 2010; Lee 
and Rosowsky 2007; Vickery et al. 2006; Powell et al. 2005). The stochastic simulation 
approach by Vickery et al. (2000, 2009b) can be used to generate the full track of a 
hurricane from its initiation to dissipation and it has been applied to develop the design 
wind speed maps in U.S. building codes (ASCE 2005, ASCE 2010). The simulation 
procedure is based on four modules, which are (1) the genesis model, (2) the hurricane 
tracking model, (3) the central pressure model (Vickery et al. 2000, Vickery et al. 2009b), 
and (4) the decay model (Vickery and Twisdale 1995, Vickery 2005). The simulation 
procedure developed by Vickery et al. (2000) was utilized in this study to produce full-
track hurricanes. The four modules of the simulation model are discussed in more details 






2.3.1 Hurricane genesis model 
 
The hurricane simulation process begins by simulating the number of hurricanes 
per year. Based on the statistics of historical annual hurricane frequencies, the number of 
hurricanes for a given year is randomly sampled from a negative binomial distribution 
with a mean of 9.05 hurricanes per year and a standard deviation of 3.98 hurricanes per 
year. For each hurricane, the initial conditions which include the initial position, heading 
angle, forward speed and central pressure are sampled from the known spawn locations 
of historical hurricanes recorded in HURDAT (Jarvinen et al. 1984). The historical 
hurricane events up to year 2011 were retrieved on March 18th, 2012 from HURDAT 
(AOML 2012) for this study. The movements of the hurricane at subsequent time steps 
are then simulated using an empirical hurricane tracking model. 
 
2.3.2 Hurricane tracking model 
 
Once the initial location of a hurricane is generated from the genesis model, the 
subsequent positions of the hurricane eye are updated at a 6-hour time interval using the 
hurricane heading direction (heading angle) and forward speed (translational speed). To 
track the movement of a hurricane, the logarithmic forward speed and the heading angle 
differences between two adjacent time steps are expressed using the following equations 
(Vickery et al. 2000): 
 
1 1 2 3 4 5
ln ln ln
i i TT T i i V
V V a a a a c a   

       , (2.1) 
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Here, 1a  to 5a  and 1b  to 6b  are the grid specific regression constants developed using 
5 5   grids over the entire North Atlantic Ocean, including the Gulf of Mexico and the 






V  are the hurricane forward speeds at time steps i+1 and i, separately; 1i  , i , 
and 1i   are the heading angles of a hurricane at time steps i+1, i and i-1, respectively; 
TV
  and   are the residuals or random error terms. 
 
2.3.3 Central pressure model 
 
The central pressure of a hurricane is typically expressed in terms of Pascal (Pa) 
or millibar (mbar) (1 mbar = 100 Pa). For modeling purpose, the hurricane central 
pressure is converted into a unitless quantity I, termed relative intensity (Darling 1991): 
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where, cP  is the central pressure of a hurricane in mbar and aP  is the standard 
atmospheric pressure (1013 mbar); RH is the relative humidity at standard atmospheric 
condition (taken as 0.75); x is the ratio of the minimum sustained central pressure and the 
partial pressure of ambient dry air (see Darling 1991); and se  is the saturation vapor 
















where, sT  is the temperature of the ocean surface in Kelvin. 
By converting central pressure to relative intensity, it becomes unnecessary to 
artificially truncate the central pressure values (e.g. up to 1013 mbar), because the 
simulated central pressures are restricted by the physical constraints of the relative 
intensity whose values range from 0 to 1.26 (Darling 1991). Prior to landfall, the relative 
intensity of a hurricane can be modeled as a function of the relative intensities at the 
previous three time steps (Vickery et al. 2000): 
          
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ln I d d I d I d I d T d T T 
   
        , (2.5) 
where, iI  is the relative intensity at time step i; 0d  to 5d  are the grid specific coefficients; 
is
T is the sea surface temperature at time step i; and I  is the random error term. 
 
2.3.4 Decay model 
 
The central pressure decay model (or filling rate model) is used to quantify the 
reduction of hurricane intensities after the hurricane has made landfall. The central 
pressure model developed by Vickery and Twisdale (1995), which describes the decay of 
central pressure in terms of time after landfall, is expressed as follows: 
 )exp()()( atPPtP coac  , (2.6) 
where, )(tPc  is the central pressure difference, computed as the difference between the 
ambient air pressure and the hurricane central pressure, at time t after landfall; coP  is the 
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hurricane central pressure at landfall; and a is the decay coefficient. An empirical 
relationship for a is given by Vickery and Twisdale (1995): 
 0 1( )a co aa f f P P     , (2.7) 
where, 0f  and 1f  are the regional varying filling rate constants; and a  is a normally 
distributed random error term. 
 
2.3.5 Radius to maximum winds model 
 
The size of a hurricane is characterized by the distance measured from the 
hurricane center (eye) to the location of the maximum wind speed which is commonly 
referred to as the radius to maximum winds ( maxR ) (Vickery et al. 2000, Vickery and 
Wadhera 2008). Vickery et al. (2000) suggested that the value of maxR  can be modeled as 
a function of latitude (  in degree) and central pressure deficit ( cc PP  1013  in mbar): 
 2maxln 2.636 0.00005086 0.0394899c RR P       , (2.8) 
where, R  is the random error term. 
Fig. 2.1 shows an example of simulated hurricane tracks through the area of 
interest of this study. For each simulated hurricane, the position of hurricane eye (latitude 
and longitude), translational speed ( TV ), heading angle (θ), central pressure ( cP ) and 
radius to maximum winds ( maxR ) were calculated at a 6-hour time interval, which were 
then interpolated linearly to a 1-hour increment. The interpolated parameter values (Fig. 
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2.1) were utilized in both the Georgiou’s wind field model to compute the wind speeds 











Fig. 2.1: An example synthetic hurricane track. 
 
2.4 Hurricane wind field model 
 
2.4.1 Model description 
 
The wind field model proposed by Georgiou (1985) was employed in this study to 
calculate the hurricane wind speeds: 
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where, gV  is the gradient wind speed and TV  is the forward speed of the hurricane; r is 
the radial distance from the hurricane eye to the location where the wind speed is being 
calculated; a  is the air density;   is the angle measured from the hurricane forward 
direction to where the wind speed is being considered (clockwise is positive); f is the 
Coriolis parameter; and rP  is the air pressure at distance r from the hurricane eye. The air 
pressure field is described using the following equation: 
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, (2.10) 
where, B is the pressure profile parameter, also known as the Holland B parameter 
(Vickery et al. 2000). 
Substituting Eqn. (2.10) into (2.9) gives the gradient wind speed at location (r, β): 
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. (2.11) 
The gradient wind speed computed using Eqn. (2.11) corresponds approximately 
to a 10-min sustained wind speed (Georgiou 1985). In this study, the gradient wind 
speeds at the top of the boundary layer were first converted from 10-min duration to a 3-
sec period using the duration conversion factor recommended by Harper et al. (2008). 
Then, the 3-s wind speeds were converted into surface wind speeds at a 10m elevation 
using the gradient-to-surface wind speed conversion factors proposed by Vickery et al. 
(2009a). The final simulated surface gust wind speeds were compared to those obtained 
from the ASCE 7-10 design wind speed maps (ATC 2010). Good agreements were 
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observed (see next section). The simulated wind speeds and the SLOSH model computed 
surge heights were used to develop the joint hazard maps. 
 
2.4.2 Model validation 
 
The Applied Technology Council (ATC) maintained a website (ATC 2010) for 
users to retrieve site-specific ASCE 7-10 design wind speeds using a GPS coordinate 
system. The wind speeds are provided for return periods of 10, 25, 50, 100, 300, 700, and 
1,700 years for user-specified locations in terms of latitudes and longitudes. To compare 
the simulated results with the design wind speeds, Eqn. (2.11) was used along with the 
duration and gradient-to-surface conversion factors to calculate surface gust wind speeds 
of hurricanes selected for the study area. The site-specific mean recurrence intervals at 
three example locations in the Charleston area are plotted with the corresponding ASCE 
7-10 design wind speed values (stars) on Fig. 2.2 in a logarithmic scale. It can be seen 






Fig. 2.2: Comparisons of simulated surface gust wind speeds and ASCE 7-10 design 






































Location 1 (32.78, -79.94)































Location 2 (32.82, -80.05)








































2.5 Storm surge calculation using SLOSH 
 
2.5.1 Model description 
 
The SLOSH model is a two-dimensional finite difference hydrodynamic model 
developed by the National Weather Service for real-time forecasting of hurricane storm 
surges (Jelesnianski et al. 1992). It has been used by many agencies including the Federal 
Emergency Management Agency (FEMA), the USACE and local emergency managers 
for storm surge predictions and evacuation advisories (Glahn et al. 2009). The SLOSH 
model is computationally efficient and relatively accurate, making it an ideal model when 
a large number of storm surge simulations are required. The SLOSH model has a 
published surge-height computation accuracy of approximately ±20% (Jelesnianski et al. 
1992). A recent analysis by Taylor (2011) shows that its accuracy approaches ±5% for 
Hurricane Katrina in which high-quality high-water-mark data are available. 
 
2.5.2 Governing equations 
 
The equations of motion in the Cartesian coordinate system used in SLOSH was 
first developed by Platzman (1963) and later modified by Jelesnianski (1967) to include a 
bottom slip coefficient: 
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where, U and V are the components of transport in x and y directions, respectively; g is 
the acceleration due to gravity; D is the depth of still water relative to a common datum 
(initial water height); h is the water height above the free surface; 0h  is the hydrostatic 
water level; rA , iA , rB , iB , rC , and iC  are the bottom stress terms; f is the pre-defined 
Coriolis parameter; and x  and y  are the components of surface stresses, which can be 








  , (2.15) 
where,   is the wind stress per unit mass; DC  is the drag coefficient; a  and w  are the 
density of air and water, respectively; and W

 is the wind velocity vector. 
To describe the hurricane wind field in SLOSH, a parametric wind field model 
based on the balance of forces along and normal to the surface wind trajectory (Myers 


































where, )(rp  is the pressure field; )(r  is the inflow angle field across circular isobars 
towards the storm center; sk  and nk  are the wind friction coefficients; and )(rv  is the 












 , (2.18) 
where, maxv  is the maximum wind speed within the field.  The aforementioned friction 

















where,   is the location parameter ( 1   for ocean winds, max4 22 R   for lake 
winds). 
In the SLOSH model, the surface wind stresses are calculated by substituting the 
SLOSH wind field [i.e. Eqns. (2.16) - (2.19)] into Eqn. (2.15) and solving for the surface 
wind stress components using an iterative procedure such as the Runge-Kutta method 
(Butcher 2008). The surge levels are then computed by integrating Eqns. (2.12) to (2.14) 
with the necessary input parameters, such as the gravitational acceleration, the Coriolis 
parameter, and the bottom stress terms among others. It should be noted that the SLOSH 
wind field model was developed for surface stress modeling in storm surge simulations 
and not for producing wind speeds as its final products (Jelesnianski et al. 1992). The 
SLOSH surface winds were reported to be on average of 14% higher than the observed 
wind speeds (H*Wind) in strong-wind regions (between 0.75 maxR  and 1.5 maxR ) (Houston 
et al. 1999); therefore, instead of using the SLOSH wind speeds, the wind speeds 
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computed using the Georgiou’s wind field and verified with the ASCE 7-10 design wind 
speeds were utilized in this study to develop the joint wind-surge hazard maps. 
 
2.5.3 SLOSH basins 
 
In the SLOSH model, the U.S. Eastern Coast and the Gulf of Mexico are divided 
into different regions that are referred as the SLOSH basins. Each SLOSH basin has a set 
of predefined structured grids (polar, elliptical or hyperbolic grids) which can be used for 
storm surge calculations. The SLOSH model allows construction of refined cells close to 
the shorelines and coarser grids in the offshore. The SLOSH basin used in this study for 
SC consists of 252 arcs and 314 radials with a resolution of approximately 400m around 
the City of Charleston area (Fig. 2.3). 
 





2.5.4 Model validation 
 
The accuracy of the SLOSH model was validated using (1) the water level 
measurements of historical hurricane events at selected CO-OPS (Center for Operational 
Oceanographic Products and Services) stations, and (2) the simulated storm surge levels 
using another state-of-the-art storm surge model, ADCIRC (Luettich et al. 1992). 
The maximum surge heights recorded from the historical hurricanes since 1975 
were computed using the SLOSH model and compared with the measurements from four 
water level observation stations along the coast of SC (Fig. 2.4). The hurricane events 
before 1975 were excluded for this analysis due to incomplete central pressure data in the 
hurricane database (HURDAT). For each water station, all historical hurricanes 
approached within a distance (measured from the storm center to the water station) of 3
maxR  were identified and selected for surge calculations. A comparison of the measured 
and simulated maximum surge heights are shown in Fig. 2.4. As can be clearly seen in 
this figure, the simulated data generally agree well with the measured data. The RMS 
(root-mean-square) error between them is about 0.24m. Note that in this study, the joint 
wind and surge hazard maps were developed only for the Charleston region. While the 
SLOSH simulation results for four water stations in SC were analyzed for the selected 
historical hurricane events, only one water station (Station 8665530), which has the least 







Fig. 2.4: Comparison between SLOSH simulations and water station measurements (solid 
line represents a 1:1 relationship between measurements and simulations). 
 
The results of the SLOSH model were also compared to the ADCIRC simulations 
using 5,000 years of synthetic hurricanes generated using the previously discussed 
stochastic hurricane simulation approach (Vickery et al. 2000; Liu and Pang 2013). Note 
that due to high computational demands required by the finite-element ADCIRC model, 
only 5,000 years of simulated hurricane events were analyzed using the ADCIRC 
program. The input wind speeds for the ADCIRC simulations were computed using the 
previously discussed Georgiou’s wind field model with duration and elevation 
conversions. The ADCIRC mesh for the City of Charleston was created in a previous 
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study by the authors (Pei et al. 2012). This mesh consists of 33,325 nodes and 65,364 
elements. Fig. 2.5 shows the simulated maximum surge levels (Fig. 2.5a) and the peak 
wind speeds (Fig. 2.5b) at Charleston Harbor (latitude: 32.7833°, longitude: -79.9228°) 
using both the SLOSH and the ADCIRC models. A threshold surge level of 0.5m was 
applied to the simulated data to filter out low surge events with significant noises. It can 
be seen from the figure that the results of the SLOSH model and the ADCIRC model are 
highly correlated. However, it appears that the ADCIRC model has a tendency of 
producing slightly lower surge predictions than the SLOSH model, particularly for higher 
surge events (Fig. 2.5a). This is attributed to the lower input wind speeds of the 
ADCIRC, computed using the Georgiou’s wind field model (see Fig. 2.5b), compared to 
that of the SLOSH computed using the SLOSH program built-in wind field model [see 
Eqns. (2.16) to (2.19)]. A separate study by Lin et al. (2012) indicated that the SLOSH 
model predicted lower surge levels than the ADCIRC model. The difference in the 
findings of our study and that of the Lin et al. (2012) is attributed to the different wind 
fields used in the ADCIRC storm surge simulations. Half of the storm translational wind 
speed was added to the analytical wind profile by Emanuel and Rotunno (2011) to form 




Fig. 2.5: Comparison between SLOSH and ADCIRC simulations [solid lines represent 




































































Based on the validations and comparisons shown in previous sections, the 
Georgiou’s wind field model with duration and elevation conversions is deemed as a 
better wind field model for wind speed calculation due to its accuracy validated using the 
ASCE 7-10 design wind speeds (Fig. 2.2) and the over-prediction of the SLOSH wind 
field model (Fig. 2.5b). The wind speeds calculated using the Georgiou’s wind field 
model are combined with the SLOSH surge outputs to develop the joint hazard maps 
(described in the next section). Even though the SLOSH wind field tends to over-predict 
wind speeds, the accuracy of the SLOSH model has been shown to be close to the 
observations (Houston et al. 1999) and it has been validated in this study using historical 
data (Fig. 2.4). In SLOSH program, the wind speeds are converted into surface stresses 
using a drag coefficient. The drag coefficient used in the SLOSH program was calibrated 
to ensure that the final surge results match the observations at water stations but not the 
observed wind speeds. Therefore, although the SLOSH surge heights match the 
observations well, the wind speeds may or may not match the observed wind speeds. For 
this reason, the wind speeds used to develop the joint hazard maps in this study were 








2.6 Joint hazard maps of hurricane wind and surge 
 
2.6.1 Development of joint and marginal distributions 
 
In this study, first a stochastic hurricane simulation program was used to simulate 
50,000 years of synthetic hurricanes; then the Georgiou’s wind field model was utilized 
to compute the wind speeds and the SLOSH storm surge model was utilized to compute 
the surge levels for Charleston, SC. Due to the limitations of the SLOSH model, the tide 
and wave effects were not considered in the storm surge simulations. The procedure for 
developing the joint wind and surge distributions is briefly discussed in the following 
subsections. 
 
2.6.1.1 Site selection 
 
For discussion purpose, three example locations (Fig. 2.6) in Charleston 
peninsula, Roper Hospital, French Quarter, and South of Broad, are selected to illustrate 
the procedure for developing the site-specific joint distributions and joint hazard maps. 
These locations are selected because of their significance as (1) an essential facility 
(Roper Hospital -- latitude: 32.7836, longitude: -79.9497); (2) a historical site (French 
Quarter -- latitude: 32.7790, longitude: -79.9254); and (3) a populated residential area 
(South of Broad -- latitude: 32.7698, longitude: -79.9355). 
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Fig. 2.6: Selected example locations (obtained from Google Earth). 
 
2.6.1.2 Hurricane simulations and selection of candidate events 
 
The 50,000-year hurricane simulations resulted in 446,322 simulated hurricanes 
originated from the North Atlantic Ocean. For each simulated hurricane, the closest 
distance (Dj) from the hurricane eye to the study domain (Fig. 2.7) and the radius to 
maximum winds ( max, jR ) at every time step j (1-hr interval) were calculated. As illustrated 
in Fig. 2.7, any simulated hurricane at time step j with Dj less than 2 max, jR  is considered 
as a candidate hurricane and is selected for wind and surge computations. For these 
selected hurricanes (20,900 events in total), the position of hurricane eye, translational 
speed, heading angle, central pressure deficit and radius to maximum winds values were 
calculated with a one-hour time interval. These values were then inputted into to the 
Georgiou’s wind field model to compute the peak wind speeds and the SLOSH storm 
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surge model to calculate maximum surge levels. At a specific site, the peak wind speed 
for a particular hurricane i is denoted as iv , and the corresponding maximum surge height 
for the same hurricane is denoted as is . It should be noted that the maximum wind speed 
and the surge height generally do not occur at the same time instance. For conservative 
design purposes, these two extreme values are assumed to happen simultaneously in this 
study. 
 
Fig. 2.7: Selection of candidate hurricane events (background from Google Map). 
 
A sensitivity study was conducted to verify that the Dj threshold of 2 max, jR  (Fig. 
2.7) is large enough to capture hurricanes that produce significant wind speeds and surge 
elevations in the study domain. The site-specific MRI contour plot (described later in this 
section) at South of Broad is given in Fig. 2.8 with contour lines generated for Dj 
thresholds of max, jR , 1.5 max, jR , 1.75 max, jR , 2 max, jR . It can be seen from this figure that the 









Time Step j 
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Based on the convergence study results, it is determined that a Dj threshold of 2 max, jR  is 
adequate as the differences between the 1.75 max, jR  and 2 max, jR  contour lines are less than 
10%. 
 
Fig. 2.8: Convergence study of hurricane selection threshold. 
 
2.6.1.3 Development of joint distributions 
 
(1) Methodology 
The probability that the peak wind speed iv  is larger than a certain wind speed 
value V and the maximum surge height is  is greater than a particular surge height value S 
(i.e. Vvi   and Ssi  ) during time period t can be described as: 
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where,    |i iP v V s S x    is the occurrence probability for wind speed iv  less than or 
equal to V or surge height is  less than or equal to S for x number of hurricanes, and  xpt  
is the probability of x hurricanes that occur over the time period t. Assuming that  xpt  
follows the Poisson distribution, Eqn. (2.20) yields: 
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, (2.21) 
where, tH  is the hazard surface value from the distribution for t-year probability of 
exceedance, n is the total number of hurricanes each having a peak wind speed iv  larger 
than V and a maximum surge height is  greater than S, and Y is the number of simulation 
years (i.e. 50,000 years in this study). Define t as 1 year, the annual probability of 
exceeding the given pair of wind speed V and surge height S, or the 1-year hazard surface 
value 1H , can be written as 
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. (2.22) 
In this study, n is computed by counting the total number of hurricanes that meet the 




relatively small, Eqn. (2.22) can be approximated as follow: 
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. (2.23) 
This approximation was utilized in the study by Phan et al. (2007). In this study, the more 
accurate Eqn. (2.22) was utilized. 
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(2) Joint frequency histograms 
Fig. 2.9 shows the joint frequency histograms, expressed in terms of the peak 
wind speed and maximum surge height data pairs ( iv  and is ), for the three sites of 
interest shown in Fig. 2.6. It can be seen from Fig. 2.9 that South of Broad has relatively 
high wind speeds and surge heights due to its close proximity to the shoreline; French 
Quarter site, which is a bit further inland, has less intense wind speeds and surge heights; 
while Roper Hospital site, which was built furthest away from the shoreline, has the least 
intense wind speeds and surge heights. 
(3) Joint hazard surfaces and hazard curves 
The following steps are employed to develop the joint hazard surface which 
describes the annual probability of exceeding a specified wind speed, V, and surge height, 
S: 
(a) Determine the total number of events (n) with the peak wind speed iv  larger 
than a certain value V and the maximum surge height is  greater than a particular 
value S ( Vvi   and Ssi  ); 
(b) Use Eqn. (2.22) to compute the annual probability of exceeding the joint 
hazard pair (V and S) for 50,000 years of hurricane simulations. 
Fig. 2.10 represents the joint hazard surfaces for the three example locations 
shown in Fig. 2.6. Each point on the surfaces ( iV , iS , iP ) in Fig. 2.10(a-c) represents the 
annual occurrence probability iP  of hurricane wind speeds larger than iV  and surge 








































































































































The marginal distributions or hazard curves for either wind speeds or surge 
heights could easily be obtained by using Eqn. (2.22) and setting either S = 0 or V = 0, 
respectively. The marginal distributions of wind speed and surge height for the three 
example locations are given in Fig. 2.11. 
 
2.6.1.4 Determination of hazard surfaces for longer periods 
 
The joint distribution or hazard surface values for longer periods can be obtained 
using Eqn. (2.21). The joint wind and surge distributions for 5-yr and 10-yr probability of 
exceedance at all sites of interest are plotted in Fig. 2.11. Comparing Fig. 2.10 and Fig. 
2.12, it can be seen that, as the return period increases, the probability of exceeding a 
given combination of wind speed and surge height also increases. The joint hazard 









Fig. 2.11: Marginal distributions for annual probability of exceedance at selected 
locations. 































































































































































































































































































































































































































































2.6.1.5 Determination of mean recurrence interval 
 
For a particular pair of joint hazard values ( iV  and iS ), the site-specific mean 









MRI v V s S
P v V s S n
    
  
. (2.24) 
The MRI for the three example locations with varying wind speeds and surge heights are 
plotted in Fig. 2.13. Every point on the surface in this figure ( iV , iS , iMRI ) represents a 
site-specific mean return interval iMRI  with a particular pair of wind speed iV  and surge 
height iS . These wind speeds and surge heights can be used to determine the load 
demands for structural design purposes at that particular location for a given MRI or 
hazard level. The MRI values for South of Broad, French Quarter and Roper Hospital 
sites are also tabulated in Table 2.1, Table 2.2 and Table 2.3, respectively. These tables 
can be used in a performance-based design framework to determine the design wind 











Table 2.1: Mean recurrence intervals (MRIs in years) at South of Broad 
Surge Height (m) 
Wind Speed (m/s) 
10 20 30 40 50 60 70 75 
0.0 3 4 9 23 70 284 1786 8333 
0.5 5 6 11 26 75 292 1786 8333 
1.0 9 9 12 27 78 299 1923 8333 
1.5 14 14 15 29 81 316 1923 8333 
2.0 22 22 22 32 84 323 2000 8333 
2.5 34 34 34 38 89 329 2083 10000 
3.0 53 53 53 54 98 342 2083 10000 
3.5 86 86 86 86 120 379 2083 10000 
4.0 152 152 152 152 173 435 2381 16667 
4.5 278 278 278 278 289 549 2500 16667 
5.0 602 602 602 602 602 877 4545 50000 
5.5 1389 1389 1389 1389 1389 1667 8333  
6.0 4545 4545 4545 4545 4545 4545 12500  
6.5 10000 10000 10000 10000 10000 10000 25000  
7.0 25000 25000 25000 25000 25000 25000 25000  
7.5 50000 50000 50000 50000 50000 50000 50000  
 
Table 2.2: Mean recurrence intervals (MRIs in years) at French Quarter 
Surge Height (m) 
Wind Speed (m/s) 
10 20 30 40 50 60 70 75 
0.0 6 6 11 26 76 301 1923 7143 
0.5 10 10 13 28 80 314 2083 7143 
1.0 15 15 16 30 83 329 2083 7143 
1.5 25 25 25 34 87 338 2174 7143 
2.0 38 38 38 41 92 345 2273 8333 
2.5 59 59 59 59 104 365 2273 8333 
3.0 98 98 98 98 130 397 2273 8333 
3.5 168 168 168 168 189 481 2632 12500 
4.0 352 352 352 352 357 625 2941 12500 
4.5 725 725 725 725 725 980 5000 25000 
5.0 1852 1852 1852 1852 1852 2174 8333 50000 
5.5 5556 5556 5556 5556 5556 6250 12500 50000 
6.0 12500 12500 12500 12500 12500 12500 16667  
6.5 25000 25000 25000 25000 25000 25000 25000  
7.0 50000 50000 50000 50000 50000 50000 50000  
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Table 2.3: Mean recurrence intervals (MRIs in years) at Roper Hospital 
Surge Height (m) 
Wind Speed (m/s) 
10 20 30 40 50 60 70 75 
0.0 26 26 26 34 89 350 2632 8333 
0.5 39 39 39 42 96 355 2632 8333 
1.0 61 61 61 61 108 391 2632 8333 
1.5 101 101 101 101 136 413 2778 8333 
2.0 177 177 177 177 203 485 2941 8333 
2.5 316 316 316 316 331 610 3846 10000 
3.0 649 649 649 649 649 962 5556 25000 
3.5 1429 1429 1429 1429 1429 1724 10000 50000 
4.0 5556 5556 5556 5556 5556 5556 16667 50000 
4.5 10000 10000 10000 10000 10000 10000 25000  
5.0 25000 25000 25000 25000 25000 25000 25000  
5.5 50000 50000 50000 50000 50000 50000 50000  
 
 
2.6.2 Development of joint hazard maps 
 
2.6.2.1 Two-dimensional MRI contour plots 
 
After the joint MRI surface plots were constructed (Fig. 2.13), the site-specific 
two-dimensional joint MRI contour plots were obtained by connecting the data points 
with the same MRI values on the surface and then projecting them to the horizontal 
plane. The joint MRI contours with 10-yr, 25-yr, 50-yr, 100-yr, 300-yr, 700-yr and 1,700-
yr MRIs for all of the simulated candidate hurricane events at all three example locations 
are presented in Fig. 2.14. Each data point shown in Fig. 2.14 represents the peak wind 
speed and maximum surge height for a hurricane. It should be noted that the version of 
the SLOSH program utilized in this study does not allow the user to specify an input 
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wind field. In Fig. 2.14, the wind speeds were computed from the Georgiou’s wind field 
model while the built-in SLOSH wind field was used to generate the storm surge 
elevations. Comparison between the peak surge heights produced by the SLOSH program 
and ADCIRC+Georgiou’s wind field model reveals that the results are highly correlated; 
hence, it is believed that the impact of wind field on the joint probability is minimal. The 
selected MRI values (i.e. 100, 300, 700 and 1,700 years) correspond to the typical wind 
and surge design return periods given in ASCE 7-10, ASCE 24-05 (Flood Resistant 
Design and Construction, ASCE 2006) and other relevant studies (McInnes et al. 2003, 
Mercado 1994). An effective upper bound (dash line) is shown in each of the subfigures. 
These effective upper bounds represent the highest possible surge heights that can be 
achieved for given wind speeds. As part of this study, an interactive computer program 
was developed to create the joint frequency histogram, joint probability distribution 
(hazard surface) and MRI contour plot for user-specified locations (in terms of latitude 







Fig. 2.14: Joint MRI contour plots at selected locations (dash lines represent effective 
upper bounds). 


































































































2.6.2.2 Joint hazard maps 
 
The joint wind and surge data can also be presented in a GIS map format or 
hazard maps. In developing the joint hazard maps for different return periods, three 
points on each of the MRI curves (hollow shapes in Fig. 2.14) were selected to provide 
different sets of design data pairs of wind speeds and surge heights. These three points 
represent (1) a hurricane scenario which yields the maximum surge height but a low wind 
speed (low wind - high surge), (2) a hurricane scenario which yields the maximum wind 
speed but zero surge height (high wind - zero surge), and (3) a hurricane scenario which 
yields an intermediate wind speed and surge height (intermediate wind and surge). In a 
performance-based design framework, one would first select a target hazard level and 
then check the design using these three data points. 
Sample joint hazard maps for downtown area of Charleston, SC with an MRI of 
300 years for high wind - zero surge, low wind - high surge, and intermediate wind and 
surge scenarios are plotted in Fig. 2.16, Fig. 2.17 and Fig. 2.18, respectively. Note that 
the surge map in Fig. 2.16 (high wind - zero surge) is not presented because the surge is 
zero for this scenario. This high wind and zero surge scenario may happen when the wind 
direction is from land to sea, the storm is moving fast or the size of the storm is relatively 
small (Irish et al. 2008). The three hazard map pairs (one for wind and one for surge) 
within each figure represent one point on the particular MRI curve (in this example a 
300-yr MRI) given in Fig. 2.14. Using these hazard maps, any site-specific joint hazard 
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design values for combined hurricane wind and surge within Charleston, SC can be 
obtained. 
 
2.7 Potential applications 
 
The joint hazard surfaces and hazard maps developed in this study may have 
various applications. Two specific applications that may utilize these distributions and 
maps are related to: (i) new criteria development for design purposes (Phan et al. 2007), 
and (ii) risk assessment and fragility analysis to account for combined hurricane wind and 
surge effects on structures. 
Phan et al. (2007) suggested that ordinary structures be designed for combined 
effects of wind speed and surge level for a 500-year MRI if the LRFD method is used or 
a 50-year MRI if the Allowable Stress Design (ASD) method is used, and the design 
requirements for special structures (e.g. nuclear power plants) be determined by the 
authority having jurisdiction. 
The HAZUS-MH program developed by FEMA is a risk assessment program 
designed for estimating potential losses due to earthquakes, hurricanes and floods. The 
HAZUS-MH program allows users to supply hurricane track information to estimate the 
combined losses due to both wind and flood (FEMA 2012a; 2012b). The outcomes of this 
study can be further used to select ensembles of hurricane scenarios with complete tracks 
for different hazard levels (return periods) and use them to perform loss estimation 
considering both the losses due to hurricane wind and coastal inundation. 
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For a specific group of structures, the fragility curve describes the probability of 
failure due to the severity of load conditions applied on the structures. In this case, a 
fragility surface can be developed as the probability of failure subject to combined wind 
speeds and surge heights [ ),( svfR ]. Therefore, the following equation can be used to 
compute the probability of failure due to combined hurricane wind and surge for a 





),(),( dvdssvfsvHP Rf ,
 (2.25)
 
where, fP  is the probability of failure; and ),( svH  is the joint hazard surface which 
describes the probability of exceedance for combined wind speeds and surge heights (see 
Fig. 2.10 and Fig. 2.12). 
 
 









































































































































































































































































































































































































































2.8 Summary and conclusions 
 
The development of joint hazard maps based upon joint distributions of combined 
hurricane wind and surge for Charleston, SC is presented. A stochastic hurricane 
simulation program was used along with the Georgiou’s wind field model, and the 
SLOSH storm surge model to simulate 50,000 years of synthetic hurricanes and the 
corresponding storm surges. The site-specific peak wind speeds and maximum surge 
heights were captured and utilized to generate the joint and marginal distributions for 
annual, 5-yr and 10-yr probability of exceedance. An interactive computer program was 
developed to display the outcomes at user-specified locations. For design purpose, the 
joint hazard maps were generated with respect to mean recurrence intervals (MRIs) for 
joint wind and surge hazards for Charleston, SC. 
In this study, the effects of tides and waves were not considered. Therefore, the 
actual water levels might be slightly under- or over-predicted. However, by neglecting 
the minor coupling effects between the astronomical tide and the surge, the tidal effects 
can be taken into account by simply adding the tidal water surface elevation changes to 
the hurricane surge heights synchronously. The wave components, which are important in 
storm surge simulations, can be considered by running the coupled SLOSH+SWAN 
(Simulating Waves Nearshore) model (Booij et al. 1999).  
Even though this study was only performed for Charleston, SC, the procedure 
presented can be applied to elsewhere. The outcomes of this study can be used in a 
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performance-based design framework for coastal structure design, risk assessment and 
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SELECTION OF HAZARD-CONSISTENT HURRICANE SCENARIOS FOR 






This paper presents a new methodology for selecting hazard-consistent hurricane 
scenarios (with similar return periods) for regional hurricane loss estimation considering 
the joint occurrence probability of hurricane wind and flood hazards. A stochastic 
hurricane simulation program was used to simulate 50,000 years of full-track synthetic 
hurricanes. A wind field model along with a boundary layer model was utilized to 
compute the surface wind speeds. As illustrative examples, the SLOSH (Sea, Lake and 
Overland Surges from Hurricanes) model was employed to calculate the corresponding 
flood elevations for two loss estimation domains (Charleston Peninsula, SC and Miami 
Beach, FL) with each of them divided into census blocks. The peak wind speeds and 
maximum flood elevations at the centroids of respective census blocks were utilized to 
determine the mean recurrence intervals (MRIs) of individual hurricane events. For 
regional loss estimation purpose, the MRIs of hurricanes were weighted by the 
population of every census block. A hazard-consistent hurricane selection procedure was 
developed to select hurricane scenarios with a MRI of 300 years. Three hurricane 
ensembles, selected based on wind speed only, flood elevation only and joint occurrence 
of wind and flood hazards, were imported into the FEMA (Federal Emergency 
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Management Agency) developed HAZUS-MH (Hazards U.S. – Multi-Hazards) program 
to perform combined wind and flood loss estimations. The results indicate that hurricane 
selection using only the wind speeds or flood elevations can overestimate the combined 
losses. The different characteristics of selected hurricane scenarios for the two loss 




Hurricane is one of the most devastating natural hazards that frequently impact 
the United States, in particular, the East Coast and Gulf Coast of the U.S. Hurricane 
losses in coastal regions are often the consequences of combined wind and flood 
damages. The top three costliest hurricanes in the U.S. history, namely the 2005 
Hurricane Katrina, 2012 Hurricane Sandy, and 2008 Hurricane Ike, resulted in $150.2 
billion, $66.5 billion, $32.2 billion (2015 USD) losses, respectively (Blake et al. 2011, 
Smith and Katz 2013). While none of these hurricanes was a Category 5 event upon 
landfall (Knabb et al. 2005, Blake et al. 2013, Berg 2009) per the Saffir-Simpson scale 
(Simpson 1974), they are the costliest hurricanes to date because, in part, significant 
portions of the total losses were due to coastal inundations from wind induced storm 
surges. To quantify the loss potential of a hurricane, it is important to consider the 
relationship between wind and flood as well as their joint occurrence probability (Phan et 
al. 2007, Pei et al. 2014). However, few studies (e.g. Phan et al. 2007, Legg et al. 2010, 
Apivatanagul et al. 2011, Friedland and Levitan 2011, and Li et al. 2012) considered the 
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combined effects of wind and flood for hurricane loss assessment. Besides, the 
computational overhead of regional hurricane loss estimation is very high. It is often not 
feasible to perform loss assessment using a large number of full-track hurricane events. 
Thus, there is a need to develop a procedure to select reduced sets of hazard-consistent 
hurricane scenarios for loss estimation. The hazard-consistent hurricane scenarios are 
defined herein as the hurricane scenarios having approximately the same mean recurrence 
intervals (MRIs).  
A framework was developed by Legg et al. (2010) and later improved by 
Apivatanagul et al. (2011) to select a reduced set of hurricane events to represent the true 
hurricane wind and flood hazards for a specified region. An optimization algorithm was 
used in their studies to minimize the weighted summation of errors between the “true” 
annual-exceedance-probability curves for both wind and flood, and the same curves 
generated using the reduced set of hurricanes. Using the hurricane simulation procedure 
developed by Vickery et al. (2000b) and the methodology for quantifying joint hurricane 
wind and flood hazards by Phan et al. (2007), Pei et al. (2014) performed probabilistic 
hurricane hazard analysis to quantify the joint probability of exceeding various 
combinations of hurricane wind and flood levels for Charleston, South Carolina (SC). 
The joint distributions and MRIs of hurricane wind and flood as well as the joint hazard 
maps for Charleston Peninsula, SC were developed. The hurricane selection procedure 
proposed hereafter is based on the study conducted by Pei et al. (2014). 
The loss assessment program, named HAZUS-MH (Hazards U.S. – Multi-
Hazards), developed by the Federal Emergency Management Agency (FEMA) can be 
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used to estimate the potential losses due to combined hurricane wind and flood. The 
HAZUS-MH program is a loss estimation program designed for estimating the potential 
losses due to natural hazards, such as earthquakes, hurricanes and floods (FEMA 
2012a,b). In HAZUS-MH, the wind and flood losses are analyzed separately as “wind-
only” and “flood-only” losses using a set of pre-developed fast-running loss functions. 
The HAZUS “wind-only” loss estimation approach is based on a methodology called 
“hazard-load-resistance-damage-loss” methodology (FEMA 2012a). The HAZUS coastal 
flood model utilizes the hurricane wind field model to drive the storm surge model, and 
the computed water depth (inundation height) is utilized to estimate the “flood-only” loss 
(FEMA 2012b). The estimated “wind-only” and “flood-only” losses are then combined to 
produce the total loss through a combined loss estimation methodology. This 
methodology allocates the “wind-only” and “flood-only” losses to building sub-
assemblies and then combines them (FEMA 2012b). However, although the hurricane 
model in HAZUS-MH allows loss estimation to be performed using probabilistic wind 
hazard maps, the HAZUS-MH coastal flood model only allows one to perform scenario-
based loss estimation. Therefore, in order to estimate the combined wind and flood losses 
for a given hazard level or MRI, one must carefully select hurricane scenarios based on 
the joint occurrence of hurricane wind and flood. 
In this paper, a new methodology for the selection of hazard-consistent hurricane 
scenarios considering the joint occurrence probability of hurricane wind and flood is 
presented. The proposed methodology can be used to select full-track hurricane 
ensembles for any given MRI or occurrence probability for regional hurricane loss 
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estimation. The paper is organized such that the detailed hurricane selection procedure is 
first discussed (Section 3.3) and followed by two case studies (Section 3.4). The HAZUS-
MH program was utilized in the case studies to perform regional combined hurricane 
wind and flood loss estimations. Note that in this study, the term hurricane refers to all 
levels of tropical cyclones, which include major hurricane (Category 3 or above), 
hurricane (Category 1 and 2), tropical storm and tropical depression. 
 
3.3 Selection of hazard-consistent hurricane scenarios 
 
Fig. 3.1 illustrates the procedure used to select the hazard-consistent hurricane 
scenarios based on the joint occurrence probability of hurricane wind and flood hazards. 
 
Fig. 3.1: Flowchart of hurricane scenario selection procedure. 







Hurricane Scenario Selection 
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The hurricane scenario selection procedure is briefly discussed in the following 
steps and more details are provided in the later sections: 
(1) Hurricane simulation (Section 3.3.2): Use a stochastic hurricane simulation 
program to generate a database of full-track synthetic hurricanes (i.e. a catalog of 50,000 
years of simulated hurricanes was utilized in this study).  
(2) Candidate hurricane selection (Section 3.3.3): Select a reduced set of 
candidate hurricanes from the entire hurricane database based on the proximity of 
individual hurricane tracks to the loss estimation domain. This step is used to rapidly 
identify the candidate hurricanes that will produce significant wind and surge hazards, so 
that the computational time in Step 3 can be reduced. 
(3) Wind speed and flood elevation calculation (Section 3.3.4 & 3.3.5): Use a 
wind field model and a boundary layer model to compute the surface peak wind speeds 
and a storm surge model to calculate the peak flood elevations for the selected candidate 
hurricanes from Step 2. 
(4) MRI computation (Section 3.3.6): Compute the site-specific MRI for each 
candidate hurricane at the centroid of every census block in the loss estimation domain 
using the peak wind speed and peak flood elevation data pairs obtained from Step 3. 
(5) Hurricane scenario selection (Section 3.3.7): Select an ensemble of hazard-





3.3.1 Loss estimation domains 
 
 
The areas of interest in this study are Charleston Peninsula, SC and Miami Beach, 
Florida (FL). Detailed statistics of these two loss estimation domains, such as the 
population, building inventory, and exposure values, are provided in Section 3.4 (see 
Table 3.2 in Section 3.4.1). The loss estimation domains also serve as reference domains 
for the selection of candidate hurricanes discussed in Section 3.3.3.  
 
3.3.2 Hurricane simulation procedure 
 
 
A stochastic hurricane simulation program (Liu and Pang 2015), developed using 
the simulation framework presented in Vickery et al. (2009b), was employed to generate 
a database of 50,000 years of full-track synthetic hurricanes. This stochastic simulation 
approach is one of the most widely used simulation methods in wind engineering 
applications (e.g. Powell et al. 2005; Vickery et al. 2006; Lee and Rosowsky 2007; Pei et 
al. 2013) and has been adopted to develop the design wind speed maps in the U.S. 
building codes (i.e. ASCE-7) (ASCE 2010).  
Seven key parameters are used in the simulation model to describe the complete 
path and state of condition of a hurricane. These parameters are: position of hurricane eye 
(latitude and longitude), radius to maximum winds, central pressure, translational 
(forward) speed, heading angle, and pressure profile parameter. The time series of these 
parameters were later used in Sections 3.3.4 and 3.3.5 to calculate the wind speeds and 
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flood elevations. For illustration purpose, the paths of ten out of the 50,000 years of 
hurricanes are plotted in Fig. 3.2. Different colors represent different strengths of tropical 
cyclones based upon their maximum wind speeds. 
 
Fig. 3.2: 10 years of simulated full-track hurricanes (TD = tropical depression; TS = 
tropical storm; CAT 1 - 5 = Saffir-Simpson hurricane Categories 1 to 5). 
 
Compared to the previous study of the authors (Pei et al. 2014), the hurricane 
simulation program was improved to use the most up-to-date radius to maximum winds 
(Rmax) and pressure profile parameter (B) models (Vickery and Wadhera 2008) as well as 
the newly released HURDAT2 hurricane database (AOML 2013), whose data were 
retrieved on Aug. 23rd, 2013. Two Rmax models were used in the new hurricane simulation 
framework. One model was used for the Atlantic basin hurricanes (Rmax_Atlantic) and a 
 
 
 110 W  100 W   90 W   80 W   70 W   60 W   50 W   40 W   30 W   20 W   10 W    0   
  0   
  5 N 
 10 N 
 15 N 
 20 N 
 25 N 
 30 N 
 35 N 
 40 N 




 55 N 
TD TS CAT 1 CAT 2 CAT 3 CAT 4 CAT 5
 71 
separate model was used for the Gulf of Mexico hurricanes (Rmax_Gulf) (Vickery and 
Wadhera 2008): 
   AtlanticAtlantic PR    0337.010291.6015.3ln 25max_ , (3.1) 
   GulfGulf PR   25max_ 10700.7859.3ln , (3.2) 
here, P  is the central pressure deficit, computed as the difference between the ambient 
air pressure and the hurricane central pressure;   is the latitude of hurricane eye; and 
Atlantic  and Gulf  are the random error terms for Atlantic and Gulf of Mexico hurricanes, 
respectively.  
The method for modeling the pressure profile B parameter (also known as the 
Holland B parameter) can also be obtained from Vickery and Wadhera (2008) and 
Vickery et al. (2009b). The value of B over the open water is modeled as: 
 BAB  21.176.1 , (3.3) 



















max , (3.4) 
where, f  is the Coriolis parameter, dR  is the gas constant of dry air, sT  is the sea surface 
temperature (in Kelvin), cP  is the hurricane central pressure, and e  is the base of natural 
logarithm. After landfall, B is modeled as follows: 
    atBtB exp0 , (3.5) 
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where,  tB  is the value of B at time t after landfall, 0B  is the value of B at landfall, and 
a  is empirically calculated as: 
 005.00429.00291.0 0  Ba . (3.6) 
 
3.3.3 Selection of candidate hurricanes 
 
 
The 50,000 years of simulations resulted in nearly 446 thousand hurricane events 
originated from the North Atlantic Ocean. Since the loss estimation domain (either 
Charleston Peninsula, SC or Miami Beach, FL) is rather small compared to the hurricane 
simulation domain (i.e. North Atlantic Ocean), a reduced set of candidate hurricanes was 
identified for each of the loss estimation domains by removing the hurricanes with their 
tracks relatively far away from the respective domain in order to reduce the 
computational time of wind speeds and flood elevations. In this study, any simulated 
hurricane at time step j that came within a distance Dj between the hurricane eye and the 
loss estimation domain of less than 2Rmax,j was considered as a candidate hurricane and 
was selected for subsequent wind speed and flood elevation calculations. A sensitivity 
study was conducted and it showed that the Dj threshold of 2Rmax,j was adequate for the 
purpose of candidate hurricane selection. Details of this selection procedure and the 





3.3.4 Wind speed calculation 
 
 
The surface wind speeds were calculated using a gradient wind field model and a 
boundary layer model for each of the selected candidate hurricanes. The gradient wind 
field at the top of boundary layer was characterized using the Georgiou’s wind field 
model (Georgiou 1985): 
































 , (3.7) 
where, gV  is the gradient wind speed, TV  is the translational/forward speed,   is the 
angle measured clockwise from the hurricane translational direction to where the wind 
speed is being considered, r  is the radial distance from hurricane eye to the point of 
interest, aP  is the ambient air pressure, and a  is the air density. The computed gradient 
wind speed corresponds to a 10-min sustained wind (Georgiou 1985). The wind duration 
conversion factors proposed by Harper et al. (2008) and the boundary layer model 
developed by Vickery et al. (2009a) were used to convert the calculated 10-min gradient 
wind speeds to 3-s gusts at the surface level with a 10-m elevation. In Vickery et al. 




































* ln , (3.8) 
where,  zu  is the wind speed u  at height z ; *u  is the friction velocity; k  is the von 
Karman coefficient, taken as 0.4; 0z  is the surface roughness; m  and n  are the two 
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constants with values of 0.4 and 2.0, respectively; and *H  is the boundary layer height 


















2* , (3.9) 
where, K  is the turbulent diffusivity of momentum, I  is the inertial stability, and dC  is 
the surface drag coefficient. The values of *u , K , and I  can be calculated using the 
following equations: 
  10* uCu d , (3.10) 





























where,  10u  is the surface wind speed at 10 m elevation. By substituting Eqns. (3.9) to 
(3.12) into Eqn. (3.8), an iteration procedure can be used to compute the surface wind 
speed.  
A comparison between the computed surface gust wind speeds and the wind 
speeds calculated by the HAZUS-MH program is provided in Fig. 3.3. In HAZUS-MH, 
the wind field model (Vickery et al. 2000a) developed by the Applied Research 
Associates (FEMA 2012a) is utilized to determine the wind speeds. This wind field 
model has been successfully used to develop the design wind speed maps in the ASCE-7 
(Vickery et al. 2009b). As can be clearly seen in Fig. 3.3, wind speeds calculated from 
the two models (i.e. Georgiou 1985 and Vickery et al. 2000a) agree well. Data points 
presented in Fig. 3.3 came from the peak gust wind speeds calculated using 20 selected 
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hurricane scenarios considering joint occurrence probability of hurricane wind and flood 
and 40 hurricane scenarios selected based on solely wind speeds and solely flood 
elevations at centroids of two selected census blocks [(32.7739,-79.944) and (25.8614, -
80.12)]. Details of these selected hurricane scenarios and census blocks will be discussed 
later in Section 3.4. Note that in Fig. 3.3, there are a few hurricane scenarios with wind 
speeds noticeably higher than the others. This is expected because some of the hurricane 
scenarios shown in Fig. 3.3 were selected based on only the flood elevations. Without 
considering the joint occurrence of hurricane wind and flood, the selected hurricane 
scenarios may not be able to reflect the actual regional hazards.  
 
Fig. 3.3: Wind speed comparison between Georgiou and HAZUS-MH wind field models 
































3.3.5 Flood elevation calculation 
 
 
The SLOSH (Sea, Lake and Overland Surges from Hurricanes) model 
(Jelesnianski et al. 1992) was employed to compute the surge heights associated with the 
thousands of candidate hurricane events. The SLOSH model is a two-dimensional finite 
difference hydrodynamic model. It was developed by the National Weather Service for 
real time forecasting of hurricane storm surges. It also serves as the built-in storm surge 
model in the HAZUS-MH program (FEMA 2012b). The SLOSH model uses a set of 
predefined grids which allow refined cells constructed close to the shoreline and coarser 
ones far away towards the ocean. The SLOSH grids used in this study for the two loss 
estimation domains are shown in Fig. 3.4. In the SLOSH model, an iteration procedure is 
utilized to calculate the surface wind stresses, which serve as input parameters to the 
SLOSH governing equations for computing the time histories of storm surge heights. The 
SLOSH model is computationally efficient with a reported accuracy ±5% if high-quality 
high-water-mark data are used (Taylor 2011). The SLOSH outputs were also shown to 
agree well with the water station measurements in Pei et al. (2014). 
Similar to HAZUS-MH, the flood elevation is defined in this study as the wave 
crest elevation with respect to the ground level. As illustrated in Fig. 3.5, in the absence 
of wave setup, the wave crest elevation wcH  is assumed to be 70% of the controlling 
wave height cH  on top of the surge height S  measured from the ground level (FEMA 
2012b): 
 0.7wc cH H S  , (3.13) 
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here, cH  is a function of the significant wave height sH , which can be modeled using S  
under a depth-limited condition (FEMA 2012b): 
 0.63 0.49s cH H S  . (3.14) 
Substituting Eqn. (3.14) into Eqn. (3.13), the flood elevation F  can be expressed as 
 1.544wcF H S  . (3.15) 
The value of S  was calculated by subtracting the ground elevation, available with the 
SLOSH grids, from the SLOSH water elevation output with respect to the mean sea level. 
The computed peak flood elevations along with the pre-calculated peak wind speeds from 
Section 3.3.4 were next used in Section 3.3.6 to determine the MRI values for each of the 
candidate hurricanes.  
  








Fig. 3.5: Relationship between wave crest elevation (Hwc), controlling wave height (Hc), 
and surge height (S) with respect to ground level. 
 
3.3.6 Determination of site-specific joint MRI 
 
 
The calculated peak wind speed and peak flood elevation data pairs for each of 
the candidate hurricanes were used to determine the site-specific joint MRI values at the 
centroid of every census block. For a given site j (e.g. centroid of a census block), the 





























where, ,i jMRI  is the joint MRI value in terms of peak wind speed ( ,i jV ) and peak flood 
elevation ( ,i jF ) data pairs of hurricane i at the specific site j; Y is the total number of 
simulation years (50,000 years in this study); N is the total number of candidate 
hurricanes; ,k jV  and ,k jF  are the peak wind speed and peak flood elevation data pairs of 
hurricane k at site j; n is the total number of candidate hurricane events with their 
respective peak wind speeds ,k jV  larger than or equal to ,i jV  and peak flood elevations 
,k jF  greater than or equal to ,i jF . Derivation of Eqns. (3.16) and (3.17) can be found in 
Pei et al. (2014).  
The determination of the number of events that exceed a given wind speed and 
flood elevation (i.e. value n) can also be illustrated using Fig. 3.6. In Fig. 3.6, candidate 
hurricane events in terms of peak wind speed and peak flood elevation data pairs (solid 
circles) at one specific location are plotted. For a given pair of wind speed and flood 
elevation data ( ,i jV , ,i jF ), those data points in the upper right quadrant (shaded area) have 
both their respective wind speeds lager than or equal to ,i jV  and flood elevations greater 
than or equal to ,i jF . In other words, n is equal to the number of points in the upper right 
quadrant. Note that the marginal distributions for wind speeds and flood elevations can be 
obtained by setting ,i jF  and ,i jV  equal to zero, respectively. The marginal distributions of 
wind speeds and flood elevations were later used to select hurricane scenarios based on 
solely wind speeds and solely flood elevations, respectively (see Section 3.4.4). 
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Fig. 3.6: Procedure illustration for calculating site-specific joint MRI values. 
 
Once the joint MRI values were determined using Eqns. (3.16) and (3.17) for each 
of the candidate hurricanes, the site-specific joint MRI contour plot at the centroid of 
every census block could be obtained. Fig. 3.7 shows an example joint MRI contour plot 
at a specific location, along with the peak wind speed and peak flood elevation data pairs 
(solid circles) of all candidate hurricanes. More MRI contour plots at the centroids of 
census blocks can be found in Section 3.4 (see Fig. 3.10 for details). In Fig. 3.7, the joint 
MRI contours (solid lines) were plotted for 50, 100, 200, 500, and 1,000-year MRIs. An 
effective upper bound is given as a dash line to represent the highest possible flood 
elevations for any given wind speeds in a 50,000-year timeframe of hurricane 
simulations. Note that each contour in Fig. 3.7 represents one consistent hazard level. In 
other words, all data points (hurricane events) falling on the same contour line have the 
same MRI in terms of the combinations of peak wind speeds and peak flood elevations. 























n data points 
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The MRI of each hurricane was used next (Section 3.3.7) to select the ensemble of 
hazard-consistent hurricane scenarios which can be used for combined hurricane wind 
and flood loss estimation for a target hazard level. 
 
Fig. 3.7: An example MRI contour plot (dash line represents the effective upper bound). 
 
 
3.3.7 Selection of hurricane scenarios 
 
 
In order to perform regional combined hurricane wind and flood loss estimation 
for a given hazard level, an ensemble of hazard-consistent hurricane scenarios is required. 
These hurricane scenarios account for not only the regional effect of the loss estimation 
domain, but also the event-to-event uncertainty associated with the combined hurricane 
wind and flood hazards. Since the MRI contours shown in Fig. 3.7 were developed for a 
specific location (point), a procedure is required to determine the MRI of a hurricane for 





























the entire region (area) so that regional hurricane loss estimation for a specific hazard 
level can be performed. The event-to-event uncertainty is defined herein as the inherent 
variability associated with the hurricane events (e.g. storm forward speed and heading 
direction with respect to the loss estimation domain) and their resultant impacts, such as 
wind and flood. In other words, hurricanes may produce different losses due to different 
combinations of peak wind speeds and peak flood elevations even though they have the 
same MRI (see events/points close to any MRI contour in Fig. 3.7). For example, events 
having higher wind speeds and lower flood elevations would produce higher “wind-only” 
but lower “flood-only” losses comparing with events having lower wind speeds and 
higher flood elevations. 
In this study, the regional (area) effect was considered for every candidate 
hurricane by weighting their site-specific MRI values using population in each of the 
census blocks, and the event-to-event uncertainty was accounted for by using an 
ensemble of hurricane scenarios that cover a wide range of wind speed and flood 
elevation combinations for each hazard level (or MRI). In the case studies, ten hurricanes 
were selected for each ensemble.  
The weighted MRI (WMRI) for each of the candidate hurricanes was computed 
using the site-specific MRI values determined from Eqn. (3.16) and the population of 












 , (3.18) 
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where, iWMRI  is the weighted MRI value of candidate hurricane i; jP  is the population of 
Census Block j; P  is the total population of all the census blocks; and m is the total 
number of census blocks within the loss estimation domain. The conventional definition 
for MRI or return period is the average recurrence interval between two events of the 
same magnitude at a specified location. Note that Eqn. (3.18) estimates the regional MRI 
using the conventional definition but putting a higher weight to a more populated area. 
This regional weighted MRI concept can be thought of as the average mean recurrence 
interval observed by the population in the loss estimation domain. While population was 
used as the weighting factor in this study, one may use any other weighting factor that is 
reasonable, such as total building replacement value, number of essential facilities, etc. 
The computed WMRIs were then used to identify and select individual hurricane 
events to be included in the ensemble of hazard-consistent hurricane scenarios for the 
loss estimation domain at a target WMRI level. The hurricane selection procedure is 
proposed as follows (Steps 1 to 6) and illustrated in Fig. 3.8 and Table 3.1: 
(1) For the centroid of a census block, select and plot all candidate hurricane 
events, in terms of peak wind speeds and peak flood elevations, with their WMRIs falling 
in a target WMRI range (e.g. 100yr ± 10yr) (see Fig. 3.8a); 
(2) Normalize the wind speed and flood elevation values of the selected hurricane 
events from Step (1) by their maximum and minimum wind speeds and flood elevations, 
respectively (see Fig. 3.8b); 
(3) Compute the arctangent angle θ from each of the normalized data points 
(events) to the origin of the plot (see Fig. 3.8c); 
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(4) Use the cumulative distribution of the arctangent angles to group the data 
points into a number of equal probability bins (e.g. ten bins) and number these bins (i.e. 
#1, #2, …) (see Fig. 3.8d); 
(5) Repeat Steps (1) to (4) for each of the census blocks; 
           
 
            
Fig. 3.8: Procedure (Steps 1 to 4) illustration for selection of hazard-consistent hurricane 
scenarios. 














































































































 (6) For each bin (e.g. #1), select the most common/frequent hurricane event 
amongst all census blocks (see Table 3.1) as the hurricane scenario to represent that 
particular bin (e.g. #1) . 
 
Table 3.1: Procedure (Step 6) illustration for selection of hazard-consistent hurricane 
scenarios (highlighted event represents the most common event selected as a hurricane 




1 2 3 4 5 6 7 8 9 10 … 
Bin #1 
5223 5223 19308 20659 7799 7799 13146 19308 18876 18152 … 
18152 18901 6683 1109 5223 17597 4950 6683 6683 16539 … 
18901 18152 18152 2223 17597 2285 16539 7042 2285 580 … 
6683 6683 20659 580 2285 580 1109 18901 7042 13146 … 
17597 17597 18901 6683 580 5223 2797 20659 18901 1109 … 
580 7042 7042 7799 18152 2223 5223 2285 17597 17597 … 
2223 580 20859 18152 6683 18152 6683 20859 1109 6683 … 
2285 2285 17597 7042 7042 6683 4565 17597 18152 18901 … 
7042 2223 2285 17597 2223 7042 17597 18152 2223 5223 … 
20659 20659 1109 4565 13146 16539 7799 1109 20659 4565 … 
… … … … … … … … … … … 
 
It should be noted that, this binning procedure not only ensures that the hurricane 
scenarios are selected from equal probability bins at the centroid of every census block, 
but also provides a good coverage of all possible hazard combinations, such as low wind 
- high flood, high wind - low flood and intermediate wind and flood. Detailed application 






3.4 Case studies 
 
 
The hurricane selection procedure discussed in Section 3.3 was used in this 
section to select hazard-consistent hurricane scenarios for combined hurricane wind and 
flood loss estimations at Charleston Peninsula, SC, and Miami Beach, FL. 
 
3.4.1 Statistics of loss estimation domains 
 
 
The two loss estimation domains, Charleston Peninsula, SC (Fig. 3.9a,b), and 
Miami Beach, FL (Fig. 3.9c,d), are both populated coastal districts that are vulnerable to 
hurricane wind and flood. The statistics of these two loss estimation domains are 
provided in Table 3.2. The centroid of every census block is plotted as a solid circle in 
Fig. 3.9b,d. These centroids were later used to develop the site-specific joint MRI 
contours for the selection of hazard-consistent hurricane scenarios. Six census blocks 
were selected and numbered from 1 to 6 (Fig. 3.9a,b), which were next used to show the 
developed joint MRI contour plots (Fig. 3.10) and the selected hurricane scenarios (Fig. 
3.11). Information regarding the loss estimation domains is obtained from the HAZUS-
MH program based upon the 2000 U.S. Census Bureau survey data (FEMA 2012a,b). For 
Charleston Peninsula, SC, approximately 86% of the buildings are residential houses, 
which account for about 59% of the total building replacement value; while for Miami 
Beach, FL, roughly 78% of the buildings are residential houses, which account for about 
72% of the total building replacement value. 
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Miami Beach, FL 
Geographical Size (km2) 13.36 19.19 
Number of Census Blocks 670 805 
Population (people) 33,318 88,400 
Number of Buildings 12,253 15,062 
Building Replacement Value  
(million 2006 USD) 
2,970 8,358 
 
For each of the two loss estimation domains, candidate hurricanes were selected 
from the 50,000 years of hurricane simulations (Section 3.3.2) using the methodology 
proposed in Section 3.3.3. This selection process reduced the number of simulated 
hurricanes from around 446 thousand to approximately 28 thousand (i.e. candidate 
hurricanes) for Charleston Peninsula, SC and 26 thousand for Miami Beach, FL. The 
selected candidate hurricanes were next inputted into the wind field and boundary layer 
models to compute the surface wind speeds (Section 3.3.4) and the SLOSH storm surge 
model to determine the flood elevations (Section 3.3.5). The calculated peak wind speed 
and peak flood elevation from each of the candidate hurricanes were then used to develop 
the site-specific joint MRI contours at the centroid of every census block using the 







    
           
Fig. 3.9: Loss estimation domains – (a) & (b) Charleston Peninsula, SC and (c) & (d) 
Miami Beach, FL (numbers and square markers correspond to selected census blocks in 
Fig. 3.10). 
 










































































































3.4.2 Joint MRI contour plots 
 
 
The joint MRI contour plots at the centroids of six selected census blocks (three 
from Charleston Peninsula, SC and three from Miami Beach, FL) are provided in Fig. 
3.10. The centroid locations of these census blocks are plotted in Fig. 3.9a,c. For 
simplicity, the selected census blocks are numbered from 1 to 6 (see Fig. 3.9a,c and Fig. 
3.10). However, the 15-digit 2000 U.S. Census Bureau census block number is still given 
in Fig. 3.10, along with the latitude and longitude information, for each of the selected 
census blocks (see the subtitle of every sub-figure). As can be clearly seen in Fig. 3.10, 
all selected census blocks in either Charleston Peninsula, SC or Miami Beach, FL have 
similar maximum wind speeds due to the relatively small sizes of the loss estimation 
domains. For any given MRI level, wind speeds in census blocks from Charleston 
Peninsula, SC are generally smaller than those in census blocks from Miami Beach, FL. 
This is because Miami Beach, FL has a higher chance of experiencing strong winds than 
Charleston Peninsula, SC due to their geographical locations. However, the flood 
elevations do not follow these rules. For Charleston Peninsula, SC, Block #1 has the 
highest flood elevations, while Block #3 has the lowest. It is because Block #1 has the 
closest proximity to the ocean, while Block #3 is the farthest from the coast among all 
these census blocks (Fig. 3.9a). For Miami Beach, FL, Block #4 has the lowest flood 
elevations, while the flood elevations for Blocks #5 and #6 are similar. Since all three 
census blocks in Miami Beach, FL are close to the coast (Fig. 3.9c), local topography (i.e. 
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Block #4 has the highest altitude) is the main reason that results in the flood elevation 
differences. These joint MRI contours were next used to select hurricane scenarios for 




Fig. 3.10: Joint MRI contour plots at selected centroids of census blocks – (a), (b) & (c) 
from Charleston Peninsula, SC and (d), (e) & (f) from Miami Beach, FL (dash lines 
represent effective upper bounds) (to be continued), 
































Census Block 450190001003013 (32.7739, -79.944)




























Census Block 450190005001003 (32.7825, -79.9461)




























Census Block 450190008001000 (32.7927, -79.9321)


























Census Block 120860039011028 (25.8614, -80.12)
(a) (b) 
(c) (d) 
Block #1 Block #2 








3.4.3 Hazard-consistent hurricane scenarios 
 
 
Following the procedure proposed in Section 3.3.7, an ensemble of 10 hazard-
consistent hurricane scenarios with a target WMRI level of 100 years were selected for 
each of the two loss estimation domains. The selected hurricane scenarios along with the 
normalized wind speeds and normalized flood elevations used in the selection process are 
plotted in Fig. 3.11 for each of the six selected census blocks (see Fig. 3.9a,c and Fig. 
3.10). In Fig. 3.11, the hurricane scenarios are numbered such that each of them 
corresponds to the same bin number that was used to select the hurricane scenario. It 
should be noted that, in the last step (Step 6) of the selection process, the most common 
event was selected for each bin from the events with the same bin numbers in all census 
blocks. Due to the regional effect, the bins with the same numbers do not necessarily 
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contain the same events. Therefore, the selected hurricane scenarios plotted in Fig. 3.11 
(stars) do not necessarily fall in the same bins. However, they generally scatter well along 
the 100-year WMRI contour line and provide a good coverage of all possible 
combinations of wind speeds and flood elevations.  
 
 
Fig. 3.11: Selected hurricane scenarios (stars) for 100-year consistent hazard level – (a), 
(b) & (c) for Charleston Peninsula, SC and (d), (e) & (f) for Miami Beach, FL (to be 
continued), 
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Fig. 3.11: (Continued). 
 
The tracks of the 20 selected hurricane scenarios (10 for Charleston Peninsula, SC 
and 10 for Miami Beach, FL) are presented in Fig. 3.12. It can be seen from Fig. 3.11 and 
Fig. 3.12 that, in general, the hurricane events (#1 to #5 for Charleston Peninsula, SC and 
#1 to #6 for Miami Beach, FL) that pass by the left side (western or southern side) of the 
loss estimation domain tend to produce higher flood elevations than those (#6 to #10 for 
Charleston Peninsula, SC and #7 to #10 for Miami Beach, FL) that pass through the right 
side (eastern and northern side) of the domain. This is because the wind velocities of 
hurricanes in the Northern Hemisphere follow a counter-clockwise rotation. Therefore, 
for those hurricanes that pass through the left side of the loss estimation domain, the 
hurricane wind driven floods move towards the land resulting in higher flood elevations. 
The selected hazard-consistent hurricane scenarios were next used to characterize the 
100-year combined hurricane wind and flood losses for the two loss estimation domains. 




















































































































Fig. 3.12: Tracks of selected hurricane scenarios for (a) & (b) Charleston Peninsula, SC 
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3.4.4 HAZUS-MH loss estimation 
 
 
The HAZUS-MH program was used to estimate the combined hurricane wind and 
flood losses associated with the 20 hurricane scenarios selected for the two loss 
estimation domains. The selected hurricane scenarios were used to performed scenario-
based loss assessments. The loss assessments were also performed using hurricane 
scenarios selected based on solely wind speeds and solely flood elevations. The marginal 
distributions of wind speeds and flood elevations, which are discussed later in this 
section, were used in the selection process. Due to the limitation of the current HAZUS-
MH program, only the direct property damage was considered when performing 
combined wind and flood loss estimation. Indirect losses such as income losses due to 
business interruption or relocation were not considered in the current HAZUS-MH 
combined wind and flood loss estimation methodology (FEMA 2012a,b). Adding up the 
“wind-only” and “flood-only” indirect losses without performing the HAZUS-MH 
combined loss estimation can be a temporary solution for estimating the combined 
indirect losses (FEMA 2012a). 
For either Charleston Peninsula, SC or Miami Beach, FL, the cumulative 
distribution functions (CDFs) of the combined hurricane wind and flood losses along 
with the corresponding “wind-only” and “flood-only” loss estimates for the 10 respective 
hurricane scenarios are plotted in Fig. 3.13. The lines with solid triangle, square and 
circle markers represent the “wind-only”, “flood-only” and combined losses, 
respectively. The numbers labeled next to the markers are the hurricane scenario 
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numbers, same as those shown in Fig. 3.11. The detailed loss statistics are summarized in 
Table 3.3. It can be concluded from Fig. 3.13 and Table 3.3 that: 
(1) Scenarios #8 and #1 for Charleston Peninsula, SC and #5 and #1 for Miami 
Beach, FL have the highest and lowest “wind-only” losses, separately; Scenarios #4 and 
#7 for Charleston Peninsula, SC and #6 and #10 for Miami Beach, FL have the highest 
and lowest “flood-only” losses, respectively; while the scenarios having the highest and 
lowest combined losses belong to #4 and #7 for Charleston Peninsula, SC and #6 and #7 
for Miami Beach, FL. Therefore, using hurricane scenarios selected based on either only 
wind speeds or only flood elevations may not reflect the actual regional losses. The joint 
occurrence probability of hurricane wind and flood should be considered when 
performing scenario-based loss assessment. This conclusion was later proved by 
comparing the combined hurricane losses with those estimated using scenarios selected 
based on only wind speeds and only flood elevations. 
(2) As anticipated, Scenarios #1 to #6 produce higher “flood-only” losses than 
Scenarios #7 to #10 for either Charleston Peninsula, SC or Miami Beach, FL due to the 
aforementioned reason that Scenarios #1 to #6 that pass by the left side of the study 
region can generate higher flood elevations than Scenarios #7 to #10 (see Section 3.4.3). 
However, the “wind-only” losses do not follow this rule. The “wind-only” losses are 
governed by a number of hurricane parameters including central pressure, radius to 
maximum winds, translational/forward speed, etc. Also as expected, in Charleston 
Peninsula, SC, the percentage “wind-only” losses are smaller but the percentage “flood-
only” losses are greater than the “wind-only” and “flood-only” losses in Miami Beach, 
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FL for the same 100-year MRI level (see Table 3.3). This is because Miami Beach, FL is 
more likely to experience higher wind speeds but lower flood elevations due to its higher 
hurricane proneness as well as altitudes than Charleston Peninsula, SC (see discussions in 
Section 3.4.2).  
(3) The “flood-only” losses are usually higher than the “wind-only” losses and the 
combined losses tend to be controlled by the “flood-only” losses for the 100-year hazard 
level in Charleston Peninsula, SC. Different results are observed in Miami Beach, FL, in 
which the “wind-only” losses are similar with the “flood-only” losses and the combined 
losses are governed by both the “wind-only” and the “flood-only” losses. It should be 
noted that these two case studies were performed in two different regions.  As discussed 
above, the overall ground elevation of Charleston in SC is lower than Miami Beach, FL; 
therefore, Charleston is more vulnerable to flood inundations from hurricanes than Miami 
Beach.  
(4) The CoV values of the “wind-only” losses are smaller than those of the 
“flood-only” losses, while the combined losses have the least CoV values. This finding 
suggests that there are more uncertainties in “flood-only” losses than “wind-only” losses, 
but the combined losses are more certain. The CoVs of the estimated losses for 
Charleston Peninsular, SC are larger than the CoVs for Miami Beach, FL. In other words, 
the hurricane scenarios selected for Charleston Peninsula, SC have a larger event-to-event 
uncertainty than those selected for Miami Beach, FL. These inherent event-to-event 
uncertainties have been properly addressed using the proposed methodology for selecting 




Fig. 3.13: Cumulative distribution functions of wind-only, flood-only and combined 
hurricane losses for (a) Charleston Peninsula, SC and (b) Miami Beach, FL. 
 
 











































































































Table 3.3: Summary of hurricane loss statistics in million dollars [2006 USD (percentage 
of total building replacement value)] 
  Wind-Only Flood-Only Combined 
Charleston 
Peninsula, SC 
Mean 84.62 (2.85) 484.73 (16.32) 564.07 (18.99) 
Median 85.04 (2.86) 491.64 (16.56) 525.45 (17.69) 
Stdeva 51.40 (1.73) 353.51 (11.90) 335.65 (11.30) 
CoVb 0.61 0.73 0.60 
Min 12.20 (0.41) 1.33 (0.04) 90.42 (3.04) 
Max 194.82 (6.56) 1127.68 (37.97) 1224.68 (41.24) 
Miami Beach, 
FL 
Mean 1037.02 (12.41) 967.17 (11.57) 1953.46 (23.37) 
Median 1030.43 (12.33) 1131.32 (13.54) 1787.58 (21.39) 
Stdeva 492.49 (5.89) 620.65 (7.43) 648.46 (7.76) 
CoVb 0.47 0.64 0.33 
Min 124.49 (1.49) 171.05 (2.05) 996.23 (11.92) 
Max 1801.93 (21.56) 1764.66 (21.11) 3096.15 (37.04) 
         a Stdev = Standard Deviation 
      b CoV = Coefficient of Variation (unitless) 
 
(5) For Charleston Peninsula, SC, the combined direct hurricane wind and flood 
losses were estimated to range from $90.42 to $1224.68 million (2006 USD), while for 
Miami Beach, FL, they range from $996.23 to $3096.15 million (2006 USD). In other 
words, it is very likely (>90% probability) that the combined hurricane wind and flood 
loss would exceed $90.42 million (2006 USD) for Charleston Peninsula, SC and $996.23 
million (2006 USD) for Miami Beach, FL, but it is very rare (<10% probability) that it 
would exceed $1224.68 million (2006 USD) for Charleston Peninsula, SC and $3096.15 
million (2006 USD) for Miami Beach, FL under a 100-year hazard/WMRI level. This 
information can be used by insurance companies to estimate potential payouts for 
hurricane events having a similar MRI and help them determine their insurance 
premiums. 
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Using Eqns. (3.16) to (3.18) and Fig. 3.6, 10 hurricane scenarios each were 
selected for Charleston Peninsula, SC and Miami Beach, FL for the 100-year hazard level 
based on solely wind speeds (10 scenarios) and solely flood elevations (10 scenarios), i.e. 
without considering the joint occurrence probability of hurricane wind and flood. The 
marginal distributions of wind speeds and flood elevations were used in this selection 
procedure. The marginal distributions at centroids of two selected census blocks (one 
from Charleston Peninsula, SC and one from Miami Beach, FL) are given in Fig. 3.14. 
Note that the marginal distributions can be obtained using the method discussed in 
Section 3.3.6. Once the marginal MRI distributions were developed, 10 hurricane 
scenarios that have the closest WMRI values (weighted using marginal MRIs instead of 
joint MRIs) to the 100-year hazard level were selected based on either only wind speeds 
or only flood elevations. The WMRI values of selected hurricane scenarios in terms of 
wind speeds and flood elevations are plotted in Fig. 3.15. Note that, scenarios in every 
sub-figure have similar wind speeds or flood elevations and close WMRI values. 
However, these scenarios could produce completely different combined hurricane wind 
and flood losses, which are discussed next in this section, with those estimated using 









Fig. 3.14: Marginal MRI distributions of wind speeds and flood elevations at centroids of 
selected census blocks from (a) & (b) Charleston Peninsula, SC and (c) & (d) Miami 
Beach, FL. 
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Fig. 3.15: WMRI of hurricane scenarios selected based on only wind speeds and only 
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These hurricane scenarios were analyzed using the HAZUS-MH program as well. 
In Fig. 3.16, the CDFs of the combined hurricane wind and flood losses for the two 
scenario-based analyses were compared with the combined losses from Fig. 3.13, which 
considered the joint occurrence of hurricane wind and flood. The comparison indicates 
that, the combined losses are overestimated (curves shifted to the right side), especially 
for the upper percentile values (e.g. 90%, 95% or higher), if hurricane scenarios are 
selected based on only wind speeds or only flood elevations. Consider an example where 
the Charleston city mayor wants to estimate the total reserved funds or resources needed 
to recover from a 100-year return period storm with a 10% non-exceedance probability. 
From Fig. 3.16a, the Charleston city mayor would need roughly $848 million based on 
the joint wind and flood method. On the other hand, the estimated losses were $1140 
million and $1631 million for marginal wind and marginal flood methods, respectively, 
which significantly overestimated the losses. In Fig. 3.16b, the extremely high losses in 
the upper percentile are the combined hurricane losses produced by hurricane scenarios 
selected based on only flood elevations. Since the selection did not consider the joint 
wind effect, it has a potential chance of selecting hurricane scenarios that have very high 
wind speeds (also see discussion in Section 3.3.4). That means the hurricane selection 
procedure presented in this study considering the joint occurrence of hurricane wind and 





Fig. 3.16: Comparison of combined hurricane losses using scenarios selected based upon 
solely wind speeds, solely flood elevations and joint wind speeds and flood elevations for 
(a) Charleston Peninsula, SC and (b) Miami Beach, FL. 
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3.5 Summary and conclusions 
 
 
In this study, a new methodology was proposed to select hazard-consistent 
hurricane scenarios (i.e. with almost the same return period) for regional hurricane loss 
estimation considering the joint occurrence probability of hurricane wind and flood. Both 
regional (area) effect and event-to-event uncertainty were addressed in the selection 
procedure. The regional effect was considered by weighting the MRI value of any 
individual candidate hurricane using population in each of the census blocks. The event-
to-event uncertainty was accounted for by selecting hurricane scenarios that cover a wide 
range of wind speed and flood elevation combinations. The selected hazard-consistent 
hurricane scenarios were imported into the FEMA developed HAZUS-MH program to 
perform combined hurricane wind and flood loss estimations for both Charleston 
Peninsula, SC and Miami Beach, FL. It has been shown that the hurricane scenarios 
selected using solely wind speeds or solely flood elevations can overestimate the 
combined hurricane wind and flood losses. 
Although in this study the loss estimations were only performed using the 
HAZUS-MH program, the combined hurricane wind and flood losses can also be 
analyzed by any other loss assessment package which utilizes the selected hzard-
consistent hurricane scenarios. By using the hazard-consistent hurricane scenarios, one 
may also develop the joint loss contour plot which represents the combined hurricane 
losses in terms of wind speeds and flood elevations for different consistent hazard levels. 
Additionally, even though the case studies were only conducted for two loss estimaion 
 106 
domians, the proposed hurricane selection methodology can be applied to any other 
coastal areas for regional loss estimation considering the joint occurrence probability of 
hurricane wind and flood. The outcomes of this study can be used to help insurance 
companies to determine their insurance premiums based on the actual wind and flood 
damage risk. The results can also assist coastal jurisdictions to conduct regional retrofit 
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AN AGENT-BASED FRAMEWORK FOR MODELING THE EFFECTIVENESS OF 





An agent-based hurricane mitigation framework was developed to study the 
effectiveness of hurricane risk mitigation policy in terms of the overall reduction in 
financial loss of a region. The framework, which consists of six essential modeling 
components, is able to consider stakeholders’ points of view on the selections of 
hurricane retrofit measures and the dynamic evolutions of building inventories (i.e. 
constructions and demolitions). The six modeling components include Buildings, 
Householders modeled as Agents, Retrofits, Hazards, Constructions & Demolitions, and 
Incentives. The attributes of each individual building and agent were modeled following 
the probability distributions constructed using survey data. The hurricane wind and flood 
hazards were simulated using a state-of-the-art hurricane simulation program, along with 
a wind field model and a boundary layer model for wind speed calculations, and a storm 
surge model to computer the flood elevations. The decision makings of individual agents 
(homeowners) and the changes in building inventory due to new constructions and 
demolitions of aged or hurricane damaged buildings were explicitly considered in the 
modeling framework. The combined hurricane wind and flood losses were estimated and 
coupled with the retrofit costs and demolition costs due to destructive damages to 
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estimate the total hurricane related costs (HRCs). The HRCs were used in a case study to 
evaluate the effectiveness of an incentive program (property tax reduction) to mitigate 
hurricane loss for Miami-Dade County in Florida. Based on the findings of this study, 
among different levels of property tax reduction, a reduction between 50% and 75% was 
the most effective one, which led to the highest hurricane cost reduction that the study 





The effect of a hurricane risk mitigation policy or incentive program on the 
reduction of the overall financial loss of a region is very difficult to quantify as it 
involves complex interaction processes of decision-makings of various stakeholders and 
effectiveness of the implemented retrofit measures. Agent-based model (ABM) has been 
identified as one of the most promising analytical techniques for studying the global 
behavior of complex systems. The ABM, which has seen significant acceptance in the 
research community in the past two decades, is a relatively new computational method 
(Gilbert 2008). Agent-based simulation is a bottom-up method. While ABM is able to 
model complex systems, it does not define the global behavior of the system, but instead 
it defines the behavior of each individual, which leads to the emergence of the global 
behavior (Borshchev and Filippov 2004). These individuals are called “agents”. In ABM, 
a system is composed of agents and the environment where the agents interact with each 
other (Gilbert 2008). Agents’ behaviors are defined using certain rules. Their interactions 
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with each other as well as the environment can affect these rules and in turn influence 
agents’ behaviors (Macal and North 2010). By modeling agents’ behaviors and 
interactions one by one, the behavior of the entire system can be revealed. Owing to the 
flexibility of the ABM, it has been applied successfully to a wide variety of fields and 
disciplines (Axelrod and Tesfatsion 2006, Macal and North 2010), for example, 
economics (e.g. Tesfatsion 2002, Tesfatsion and Judd 2006, Chen 2012), biological 
science (e.g. Preziosi 2003, Troisi et al. 2005, Folcik et al. 2007), public health (e.g. 
Bagni et al. 2002, Carley et al. 2006, Epstein et al. 2007), warfare (e.g. Epstein 2002, 
Cederman 2003, Hill et al. 2006), etc. 
The ABM has seen increasing applications in hurricane research and wind 
engineering community, in particular, to model evacuation pattern and behavior. Chen et 
al. (2006) developed an agent-based hurricane evacuation model for the Florida Keys 
using survey data. This model was able to estimate not only the minimum clearance time 
of the evacuation but also the accommodations required if the evacuation was interrupted 
by a landfall hurricane. Zhang et al. (2009) presented another agent-based model, which 
accounted for the interactions among agents, for hurricane evacuations at household 
level. Both normal and greedy agents were modeled. The greedy agent, unlike the normal 
agent, who always took the shortest route, made decisions between the shortest and least 
congested routes. The efficiency of the evacuation was found to be reduced by the 
presence of the greedy agents. Coalition formation mechanism during disasters was 
investigated by Boloni et al. (2007) using an agent-based model. In their model, a convoy 
formation and a negotiation-based approach were introduced. Case studies for Hurricane 
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Katrina (2005) were carried out using different scenarios for the purpose of validating 
their model. For effective flood incident management (FIM), a dynamic ABM system 
was developed by Dawson et al. (2011). Evaluating the effectiveness of different FIM 
measures was the major task of their study. This system was able to estimate the 
vulnerability of individual agents in coastal communities, integrated using survey data, 
subject to different flood conditions, defense scenarios, warning times and evacuation 
strategies. The flood inundation, traffic condition, flood risk, agent’s vulnerability and 
agent’s behavior were modeled.  
One of the key challenges in the ABM is the modeling of individual agent 
(Crooks et al. 2008). Specifically, it is the modeling of agent’s attributes and their 
relationships with agent’s behaviors. Extensive studies have been performed to analyze 
the agents’ psychological attributes and their behaviors during natural hazards (e.g. 
Martin et al. 2007, Bubeck et al. 2012, Lindell and Perry 2012). These psychological 
attributes usually include risk perception, subjective knowledge, hazard experience, etc. 
Considering the particular focus of this study, which was the modeling of agents’ 
behaviors for regional hurricane mitigation, the number of relevant studies becomes fairly 
small. Using data from the 2003 Hurricane Loss Mitigation Baseline Survey (HLMBS) 
(Peacock 2003b), Peacock et al. conducted three studies to analyze the influences of 
Florida residents’ demographic and psychological characteristics on (1) the status of 
hurricane mitigation (Peacock 2003a), (2) the hurricane risk perception (Peacock et al. 
2005), and (3) the household responses to hurricane mitigation incentives (Ge et al. 
2011). The influential factors on retrofit decision-makings were described using 
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probabilistic models fitted through logistic regressions. The logistic models developed by 
Peacock et al. were utilized in this study for the modeling of agents’ behaviors in 
hurricane mitigations. 
Building on the foundations of the studies by Dawson et al. (2011) and Peacock et 
al., an agent-based hurricane mitigation framework was developed to evaluate the 
influence of an incentive program or high-level policy on the overall direct losses in a 
region caused by hurricane wind and flood hazards. To illustrate the application of the 
ABM framework developed in this study, a simulation domain was constructed to mimic 
the real distribution of the existing building stock in Miami-Dade County, Florida (FL). 
The demographics and attributes (i.e. age, gender, income, etc.) of the householders 
(agents) in Miami-Dade County were modeled using the data from 2010 U.S. Census 
(U.S. Census Bureau 2012d), 2011 American Community Survey (ACS) (U.S. Census 
Bureau 2012e), and 2003 HLMBS. New building constructions and demolitions due to 
aging were modeled using historical data (i.e. U.S. Census Bureau 2012c; 2013a,b) as 
well. Agents responded to hazards and incentives and made decisions with regard to 
building retrofits. Given certain incentives, the likelihoods of individual agents or 
homeowners to retrofit their buildings were modeled based on the survey data (i.e. 
Peacock 2003a, Peacock et al. 2005, Ge et al. 2011). The decisions on whether to retrofit 
buildings were also modeled as functions of risk perceptions and hurricane experiences of 
the agents. A cost-benefit study aggregating the costs of retrofits, losses from hurricane 
wind and flood damages, and incentive costs was performed at the end of the analysis to 
quantify the effectiveness of the incentive program. 
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This paper is organized such that an overview of the agent-based hurricane 
mitigation framework is presented in Section 4.3, followed by Sections 4.4 to 4.9, 
describing the details of the mitigation framework. A case study is provided in Section 
4.10, and summary and conclusions are given in Section 4.11. 
 
4.3 Overview of agent-based hurricane mitigation framework 
 
 
The proposed agent-based modeling framework for regional hurricane mitigation 
is presented in Fig. 4.1. This framework, which consists of six essential modules, 
specifically accounts for the agents’ responses to incentives and hurricane hazards 
through modeling of the agents’ behaviors. The six modules are Buildings, Agents, 
Retrofits, Hazards, Constructions & Demolitions, and Incentives (see Fig. 4.1). The six 
modules were modeled as individual entities with interactions between one and another. 
The relationships among the six modules are marked as arrows, which indicate the 
influences of one module or entity on the other (Fig. 4.1). For instance, the hurricane 
wind and flood hazards can damage the buildings and cause financial losses, and the 
same hazards can also influence the agents’ psychological attributes (e.g. risk perception 
and hurricane experience). The implementation of Retrofits, marked as a circle, depends 
on the agents’ decision-making processes, which are affected by both the Hazards and 
the Incentives modules. Summaries of the six modules are given below: 
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Fig. 4.1: Framework for agent-based regional hurricane mitigation. 
 
 (1) Buildings – The location information (i.e. latitude and longitude) and the 
detailed attributes of each individual building were modeled. An algorithm was 
developed to locate and assign the properties of these buildings inside the census blocks 
along the roadways. The attributes modeled include building replacement value, year 
built, square footage, number of stories, building occupancy type, etc. For each building 
type, a group of pre-defined damage and loss functions were assigned. These damage and 
loss functions were obtained from the HAZUS-MH (Hazards U.S. – Multi-Hazards) 
program [Federal Emergency Management Agency (FEMA) 2012a,b]. 
(2) Agents – People living in buildings were modeled as agents in the mitigation 
framework. Their locations and demographic attributes, such as age, gender, income, 
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hurricane knowledge, hazard intrusiveness, hurricane experience, etc.), which are 
indispensable in the modeling of agents’ behaviors, were also considered. 
(3) Retrofits – Both wind and flood retrofit measures were taken into account. The 
wind retrofit measures include shutters, strapped roof-wall connection, improved roof 
deck attachment, secondary water resistance, etc. The flood retrofit measures include wet 
flood-proofing, dry flood-proofing, levee or floodwall protection, etc. The retrofit 
measures adopted by individual agents were based on the incentives and the experiences 
(i.e. past hazards encountered) of the agents. 
(4) Hazards – The hurricane wind and flood hazards were modeled. A 
probability-based hurricane simulation program was utilized to simulate 50,000 years of 
synthetic hurricanes. A wind field model along with a boundary layer model was used to 
calculate the surface wind speeds, and a storm surge model was used to determine the 
flood elevations. To estimate the hurricane damages and losses, the HAZUS-MH 
combined hurricane wind and flood loss estimation methodology was implemented. The 
estimated damages and losses were used not only to examine the efficiency of the retrofit 
measures, but also used to determine the demolitions of existing buildings. 
(5) Constructions & Demolitions – The evolution of building stock was 
considered through a “Constructions & Demolitions” module. The number of new 
constructions each year was based on historical housing construction data. An algorithm 
was developed to locate these new constructions. Buildings were demolished due to 
either destructive damages after hurricanes or aging when the buildings were too old (an 
older building has a higher probability of being demolished). 
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(6) Incentives – Agents in the mitigation framework could respond to different 
incentives, such as property tax reduction, lower insurance premiums, lower-interest 
loans, etc., and make decisions on the selections of retrofit measures. The cost-benefit of 
an incentive was evaluated by analyzing the cost of implementing the incentive which 
includes the retrofit costs and the loss reduction due to the incentive for the combined 
hurricane wind and flood hazards. 
The modeling process of the proposed ABM hurricane mitigation framework 
consists of two phases, namely, domain creation and time history simulation. In domain 
creation phase, the initial locations and attributes of individual buildings as well as those 
of individual agents were determined using historical survey data. At the beginning of the 
time history simulation phase, an incentive was applied to the study domain. The 
incentive program evaluated in this study contained various levels of property tax 
reduction provided by the county. For example, 50% of the annual property tax could be 
used towards hurricane retrofits. For a given incentive level, simulations were performed 
at a fixed time step (one month was used in this study) to evaluate the state of condition 
of the entire system (i.e. interactions among the six modules). At every time step, the 
building and the agent attributes were updated no matter there was a hurricane or not. 
Agents were simulated to respond to incentives and natural hazards, and decide if they 
wanted to retrofit their buildings. New constructions and demolitions were simulated at 
every time step as well. Once there was a hurricane, the combined wind and flood loss 
estimation was performed using the HAZUS-MH damage and loss functions. The updates 
of building attributes and inventory (including demolitions), as well as agent attributes 
 120 
were also carried out after each hurricane event. The following Sections are organized to 
describe this process in detail. 
 
4.4 Building locations and attributes 
 
 
As stated previously, the ABM is a bottom-up method. The key feature of the 
agent-based modeling is to model individual agent’s behavior from the bottom and reveal 
the global behavior of the complex system. This requires explicit modeling of the agents’ 
(householders’) behaviors and buildings that exist in the hazard mitigation domain. In 
this study, only residential buildings were taken into account. Commercial structures such 
as sport stadiums and shopping malls, and infrastructures such as highway bridges were 
not included. Each residential building was modeled as a point entity, which contains 
location information (latitude and longitude) and other attributes such as building type 
and square footage, but was considered to be dimensionless (i.e. no area footprint) on a 
map (see Fig. 4.2). The buildings were grouped based on the HAZUS-MH methodology, 
which has five general building types (GBTs) and eight specific occupancy types (SOTs). 
The GBTs include wood, masonry, concrete, steel and manufactured housing; and the 
SOTs include single family dwelling (RES1), mobile home (RES2), and multi-family 
dwellings (RES3) [i.e. (a) duplex, (b) 3-4 units, (c) 5-9 units, (d) 10-19 units, (e) 20-49 
units, and (f) 50+ units]. Note that, the term “unit” indicates housing unit in a building. 
Therefore, for multi-family apartment buildings (i.e. RES3), the number of units is 
different from the number of buildings.  
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Fig. 4.2: Comparison between modeled (solid circles) and actual locations of buildings on 
a Google map. Solid lines indicate census block boundaries. 
 
 
4.4.1 Locations of buildings 
 
 
Since the exact locations of individual buildings were not readily accessible or 
available in the public domain, during the domain creation phase, the locations of 
buildings were generated using the 2010 U.S. Census and the 2011 ACS data through a 
probabilistic method. A special release of the 2010 U.S. Census data (U.S. Census 
Bureau 2012b) incorporated the housing unit counts with the census block information. 
The total number of housing units in each census block was available in this U.S. Census 
database. The census block, which is typically bounded by roads, streams, county limits, 
etc., is the smallest geographic unit used by the U.S. Census Bureau to tabulate the 



















census data (U.S. Census Bureau 2011). As mentioned above, however, the unit number 
may not be the same as the building number. Therefore, the ACS data were used to 
convert the housing unit counts into building counts for each individual census block. 
The data available in ACS were housing unit counts for each SOT at census block group 
level. The census block group is a group of census blocks. Since there were no such data 
available in ACS at census block level, we used the data at census block group level to 
perform the conversions. The steps for determining the number of buildings in a census 
block are as follows: 
(1) For each census block, use the unit counts to determine the maximum possible 
building counts by assuming that buildings are always built along the roadways and have 
setback distances to the roads. The road network and census block geographic 
information is available on the U.S. Census Bureau website (U.S. Census Bureau 2012a). 
Once the layout of the roadways was known for the census block, thresholds for two 
types of building setback distances were applied to determine the maximum possible 
building numbers allowed in a particular census block. The two setback distances are the 
distances from buildings to roads (DTRs) and the distances between buildings (DBBs). 
The DTR and DBB were defined as the average minimum distances obtained through 
surveys of sample building layouts in the case study region – Miami-Dade County, FL 
(see Section 4.10 for details) via Google Map. For Miami-Dade County, the DTR and 
DBB setback distances were determined to be 18 m and 12 m, respectively. 
(2) For every census block group, the possible building counts for each SOT was 
computed based on the unit counts of that SOT obtained from the ACS data. Given the 
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lower and upper limits of the unit numbers of a SOT [e.g. a RES3c (5-9 units) has 
housing units no less than 5 but no more than 9] and the total unit counts in the census 
block group, a list of possible building counts could be constructed. For example, in a 
census block group, there were 14 housing units for the SOT – RES3c. The possible 
combinations of building counts for this example could be one RES3c with 5 units and 
one with 9 units, one RES3c with 6 units and one with 8 units, or two RES3c with 7 units 
each.  
(3) For each SOT in the census block group, randomly select building counts 
obtained from Step (2) and assign the corresponding unit counts to the census blocks in 
that census block group. Once the unit counts were assigned to a census block, they were 
subtracted from the unit counts of that census block. The process started from the SOT 
with the highest upper limit of the unit numbers (e.g. RES3f with 50+ units), and the unit 
counts were ranked in a descending order and assigned randomly to the census blocks. 
Iterations were performed, if necessary, when the unit counts being assigned were larger 
than the unit counts left in any census block within the census block group, or the final 
assigned building counts in a census block were larger than the maximum building counts 
[obtained from Step (1)] allowed in that census block. If the maximum iteration number 
(i.e. 500 in this study) was reached before finding a solution, the previous assignment 
with the largest DBB was accepted. An example is provided in Appendix A to better 
illustrate this process. 
Once the process introduced above was completed, the number of buildings for 
each census block was determined. The next step was to assign the geographic locations 
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(latitudes and longitudes) of these buildings within the census blocks. A similar 
procedure as the one used to determine the maximum building counts allowed in a census 
block [see Step (1) above] was used to locate these buildings. The buildings were located 
along the roadways with setback distances to the roads. Three groups of DTR and DBB 
setback distances for different SOT combinations were considered (see Appendix B for 
details). These values were defined as the average (not minimum) distances measured 
from a survey of the building layouts in Miami-Dade County performed using Google 
Map. If the DBB in a census block allowed more buildings to be located than the number 
of buildings determined from the aforementioned process, empty cells (lots) were left in 
that census block for potential future constructions (see Section 4.8.2). If the average 
DBB was too large to accommodate all the buildings in a census block, the minimum 
DBB [see Step (1) above] was applied. If the minimum DBB still could not accommodate 
all the buildings, the building number was reduced to match the maximum building 
number allowed in that census block. This adjustment only affected less than 3% of the 
census blocks in Miami-Dade County, FL. A comparison between the building locations 
generated using the algorithm or procedure discussed above and their actual locations on 
a Google map is presented in Fig. 4.2. It can be clearly seen that the modeled locations 










4.4.2 Attributes of buildings 
 
 
After the locations of buildings were determined, their attributes could be 
assigned. The building attributes considered in this study include year built, household 
income, building square footage, construction class, number of stories, garage type, SOT, 
specific building type (SBT), wind building type (WBT), flood zone and base flood 
elevation (BFE), Flood Insurance Rate Map (FIRM) type, foundation type and height, 
existing wind and flood retrofit measures, building replacement value, and corresponding 
wind and flood loss and damage functions. These attributes were selected because they 
are essential in hurricane loss estimation and hazard mitigation. It should be noted that 
these attributes were assigned to every building using the survey data (e.g. 2010 U.S. 
Census, 2011 ACS, 2003 HLMBS, etc.). Among these databases, the ACS database (U.S. 
Census Bureau 2012e), which provided data at census block group level, was the primary 
data source utilized in this study for assigning the building attributes (e.g. year built, 
household income, etc.). While many of the attributes can be modeled using continuous 
distributions, many others are defined using discrete values, referred herein as categories. 
For instance, there are 9 categories (i.e. 2005-2010, 2000-2004, 1990-1999, …, 1940-
1949, 1910-1939) for the attribute – year built. The probability mass functions (PMFs) 
obtained from the survey data (e.g. ACS data) and the correlations between attributes 
(e.g. correlation between household income and square footage) were used to assign 
attributes to buildings. The PMF is site or census-block-group specific. It represents the 
discrete probability of every category in an attribute. For each building in the census 
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block group, the attribute values or category numbers were assigned based on the 
empirical PMFs. One example PMF for the year built attribute for an example census 
block group in Miami-Dade County is provided in Table 4.1. Example PMFs for other 
attributes along with the correlations utilized in the case study are documented in 
Appendix B. Details of the assigning procedures are discussed below: 
 




















PMF (%) 13.2 0.0 1.0 17.2 23.7 35.9 8.7 0.0 0.3 
 
(1) Year built – As mentioned above, the year built attribute was grouped into 9 
categories defined by year ranges. The values of an example PMF for Miami-Dade 
County, FL are presented in Table 4.1. When assigning the year built to a building, the 
category number was first sampled based on the corresponding PMF. Next, a discrete 
uniform distribution bounded by the upper and lower bounds of the assigned category 
(e.g. 2005 and 2010 for Category 1) was utilized to generate a discrete year built number 
(e.g. 2008). 
(2) Household income – 16 income ranges numbered from 1 to 16 were 
considered. These ranges are $0-$9,999, $10,000-$14,999, …, $45,000-$49,999, 
$50,000-59,999, $60,000-$74,999, $75,000-$99,999, $100,000-$124,999, $125,000-
$149,999, $150,000-$199,999, and 200,000+. The income range numbers were randomly 
assigned to each building following the corresponding PMF. The exact amount of the 
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income was then taken as the middle value of the income range assigned. For example, if 
the income range assigned to a building was $10,000-$14,999, the exact amount of 
income assigned was assumed to be $12,500. For a multi-family apartment building (e.g. 
RES3c), a single household income range was assigned to all housing units in the 
building. The household incomes were later used to simulate and assign other attributes.  
(3) Building square footage – The most recent Residential Energy Consumption 
Survey (RECS) database (U.S. Energy Information Administration 2009) contains the 
square footage data for residential units (not buildings) and their corresponding 
household incomes. The relationship between the square footage of a unit and the 
household income was analyzed for four different SOT groups (i.e. RES1, RES2, RES3a-
b, and RES3c-f). For each income range specified above [see (2) Household income], the 
square footage data were fitted to a lognormal distribution. The relationships between the 
logarithmic mean and standard deviation values and the household incomes were 
modeled as straight lines through linear regressions (see Appendix B). The modeled 
relationships for the RES3c-f group in Miami-Dade County, FL are plotted in Fig. 4.3. 
Once the household income was estimated [see (2) Household income], the unit square 
footage was randomly sampled from a lognormal distribution using the lognormal 
parameters shown in Fig. 4.3 (as well as Appendix B) with a minimum standard deviation 
equal to zero. The total square footage of a RES1 or RES2 is the same as the square 
footage of the unit, while the square footage of a RES3 was calculated by assuming all 




Fig. 4.3: Modeled relationships between income ranges and lognormal (a) means and (b) 
standard deviations of surveyed square footage for RES3c-f in Miami-Dade County, FL. 
 
(4) Construction class, number of stories, and garage type – The assignment of 
construction class, number of stories and garage type followed the methodology of the 
HAZUS-MH program. Four construction classes (i.e. economy, average, custom, and 
luxury), multiple numbers of stories (i.e. 1 story, 2 stories, 3 stories, and split level for 


















































RES1; 1 story for RES2; and 1-2 stories, 3-4 stories, and 5+ stories for RES3), and five 
garage types (i.e. 1-car, 2-car, 3-car, carport, and none) were taken into account. These 
characteristics were assigned by first calculating the income ratio, which is the fraction of 
the household income and the median income of the census block group where the 
building is located. The construction class, number of stories and garage type attributes 
were assigned following the PMFs, which are function of the income ratio, obtained from 
the HAZUS-MH program. The building square footage, construction class, number of 
stories, and garage type are crucial attributes for the determination of the building 
replacement value, which is discussed later in this Sub-section. 
(5) Building types – For the purpose of implementing the HAZUS-MH combined 
wind and flood loss estimation methodology, the building types were assigned to each 
individual building. The SOTs were assigned when locating buildings to each census 
block (see discussion in Section 4.4.1). The SBT was converted from SOT using a 
mapping scheme in HAZUS-MH (see Appendix B). 39 different SBTs were considered. 
Among others, these SBTs include wood single-family one-story building (WSF1), 
masonry multi-unit two-story building (MMUH2), low-rise (1-2 stories) steel engineered 
residential building (SERBL), and manufactured home (MHPHUD). Buildings can have 
different configurations even though they belong to the same SBT. For instance, WSF1 
can have gable or hip roof shape, and it also allows toe-nailed or strapped roof-to-wall 
connection. Each configuration is named a WBT for a given SBT. There are thousands of 
WBTs and all of them were modeled in this hurricane mitigation framework. The PMFs 
for WBTs from the HAZUS-MH program were used to perform the assignments. Since 
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the HAZUS-MH data were updated in the year 2003, adjustments were made to account 
for the changes of PMFs due to the changes in building codes in the past years (see 
Appendix B for details). For instance, a linear increasing trend was applied to the 
percentage of the 8d nails in the construction of the roof deck attachment if the building 
was built after 2003. The above-mentioned building types along with the foundation 
types [see (8) below] were later used to select the corresponding loss and damage 
functions for the performance of the combined wind and flood loss estimations. 
(6) Flood zone and BFE – The flood zone and BFE information for each 
individual building could be obtained from the FIRMs (FEMA 2013a). The FIRMs are 
maps developed by FEMA for the determination of the flood insurance premiums. They 
also illustrate flood hazards through zoning and mapping BFEs. The flood zones 
classified in this study are A zone, coastal A zone and coastal V zone. These zones are 
categorized based upon their wave heights. The map of the flood zones for Miami-Dade 
County, FL is presented in Fig. 4.4. 
(7) FIRM type – Two different FIRM types were considered, namely, pre-FIRM 
and post-FIRM. A pre- (post-) FIRM building is a building that was built before (after) 
the effective date of the first FIRM for a community. The pre-FRIM building is typically 
under-designed because it was built before the community first adopted the detailed flood 
hazard data. The FIRM type was used to assign foundation types and heights to buildings. 
The effective date of the first FIRM can be found on the FEMA website (FEMA 2013b) 
for all coastal communities. The buildings built before and after the effective dates are 
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classified as pre- and post-FIRM, respectively. The assignment of FIRM type was based 
on the year built attribute. 
 
Fig. 4.4: Flood zones classified for Miami-Dade County, FL. 
 
(8) Foundation type and height – 7 different foundation types were taken into 
account. They are pile, pier, solid wall, basement, crawl, fill, and slab. Per the HAZUS-
MH program and the FEMA P-499 Home Builder’s Guide to Coastal Construction 
(FEMA 2010a), the PMF for each individual foundation type and their corresponding 
maximum height were constructed. Like the building type assignments, the PMF change 
due to building code change and the change of BFE over time were also considered (see 
Appendix B). The PMFs were modeled differently for different flood zones and FIRM 







the post-FIRM coastal V zone buildings. The maximum foundation heights were also 
modeled differently for pre- and post-FIRM buildings. In pre-FIRM constructions, 
buildings were only required to be built with their foundation heights less than the 
maximum heights allowed; while in post-FIRM constructions, foundation heights must 
be greater than or equal to the BFEs at those locations but also capped by the maximum 
allowed foundation heights. The foundation heights were later used in loss assessment to 
compute the flood elevations above the building first floors. 
(9) Existing wind and flood retrofit measures – A comprehensive list of wind and 
flood retrofit measures were considered in this study for different building types. 
Example retrofits are provided in Section 4.3 and more details are discussed later in 
Section 4.6. The wind retrofit measures were assigned along with the WBTs because the 
WBTs contain wind retrofit information (e.g. with or without shutter). However, since 
there was no PMF available for flood retrofit measures, their PMFs were modeled as 
functions of flood zones and BFEs for the purpose of assigning flood retrofits to existing 
buildings. A building in a coastal zone (coastal A or V zone) or a higher BFE area was 
assumed to have a higher chance of getting a flood retrofit measure than that in a non-
coastal zone (A zone) or a lower BFE area. The heights of the retrofit measures were 
determined by BFEs as well (see foundation height discussions above). The additional 
cost of adding wind and flood retrofit measures was taken into account as an important 
portion of the total building replacement value. 
(10) Building replacement value – The base replacement value of a building came 
from the RSMeans Square Foot Costs and Residential Cost Data (RSMeans 2011b,c), in 
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which the building replacement value was modeled as a function of the building type, 
construction class, number of stories, foundation type, and square footage. This value 
could be adjusted for modifications and alternatives of the base building configurations. 
The main adjustment was for the garage type. The costs of existing wind and flood 
retrofit measures (see discussion above) were added to the base replacement value of the 
building as well. A reduction factor (0.25 for Miami-Dade County) was applied if some 
retrofit measures [e.g. roof cover type (see Section 4.6)] were added along with the 
construction (i.e. new construction with retrofit measures) rather than after the 
construction. This is a reasonable assumption, because retrofitting a building using some 
specific measures usually costs more after the building construction is completed than 
during the construction. These replacement values were later used in loss assessment to 
determine the hurricane losses of individual buildings. 
(11) Wind and flood loss and damage functions – The HAZUS-MH program uses 
fast-running loss and damage functions for the estimation of the wind and flood losses 
and damages. The HAZUS-MH loss estimation methodology is discussed in detail in 
Section 4.7.2. The loss and damage functions are assigned based on building and 
foundation types.  
The assignments of the building attributes, particularly for Miami-Dade County, 
FL, are discussed in detail in this Sub-section. The building locations along with the 
assigned attribute – household income in Miami-Dade County, FL are plotted in Fig. 4.5. 
Different colors represent different household income categories. Lighter color represents 
a higher category, while darker color represents a lower one. Because the assignments 
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relied on the probability distributions (PMFs) derived from the databases (e.g. ACS), 
statistics of the assigned attributes were checked to verify the accuracy of the generated 
initial conditions of the simulation domain. The overall PMFs from individual census 
block groups were checked for the entire loss estimation domain and all of them agreed 
well with the assigned statistics. Some of the results are presented in Fig. 4.6. 
 
Fig. 4.5: Geographic distributions of attribute – household income. 
































Fig. 4.6: Comparisons between overall PMFs from survey data and model statistics for 
building attributes (a) year built, (b) household income, (c) garage type, and (d) 
foundation type. 
 
4.5 Agent attributes 
 
 
Agent is the most critical part in this agent-based hurricane mitigation framework. 
Agents interact with other entities (e.g. buildings) in the loss estimation domain to make 
decisions and they connect all other portions in the system as a whole. Like the buildings, 




































































agents were modeled from bottom up as well. This includes the modeling of their 
locations and attributes. In current version of the ABM, only householders were modeled 
as agents and the movements of agents were not considered. Therefore, the agents were 
assumed to be co-located with the buildings. The attributes, which include both 
demographic and psychological attributes, of each individual agent were assigned using 
the same probabilistic method discussed previously for Buildings. These attributes are 
income, age, gender, race, education, years in residence, with child under 12 in home, 
hurricane knowledge, hazard intrusiveness, hurricane experience, and damage 
experience. The last four are psychological attributes and the rests are demographic 
attributes. The ACS and the HLMBS data were used to develop the PMFs for the 
assignments of the demographic and the psychological attributes, respectively. The PMFs 
and other correlations utilized for the assignments of agents’ (householders’) attributes in 
Miami-Dade County, FL are documented in Appendix C. These attributes were selected 
for the purpose of modeling agents’ behaviors via their responses to incentives and 
hurricane hazards. Details are given below: 
(1) Income and age – The agent income is the same as the household income 
assigned previously in Section 4.4.2 (2). The procedure used in the assignment of agent’s 
age was also similar to the one used in the assignment of the building year built attribute 
[see Section 4.4.2 (1)]. We assumed that there was only one agent (i.e. property owner) 
associated with each multi-family (RES3) building. The age of an agent (householder) 
could not be less than 15 years old according to the ACS data. 
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(2) Gender, race, and education – Per the ACS data, the PMF for gender was 
model as a function of age. Following the survey data by Peacock (2003b), we considered 
two different race groups, black/non-black and Hispanic/non-Hispanic. The correlation 
between these two groups was considered (see Appendix C). For example, an agent 
within a black race group has a lower chance to be Hispanic than an agent with a non-
black attribute. The education attribute was modeled as the highest year that an agent 
completed in school. It was a function of age and gender per the ACS data. 
(3) Years in residence and with child under 12 in home – Years in residence was 
modeled using the PMF fitted to ACS data as a function of the agent’s age and the year 
built of the structure (see Appendix C). It is obvious that the age of the building cannot be 
smaller than the years in residence of the agent who lives in the building, and the years in 
residence cannot be larger than the agent’s age minus 15, which is the earliest time he/she 
could become an agent (homeowner) [see discussion in (1)]. The attribute “with child 
under 12 in home” was modeled by first checking if there was a child under 18 in home, 
then the exact age was assigned to the child using the PMF developed from the ACS data. 
(4) Hurricane knowledge, hazard intrusiveness, hurricane experience, and damage 
experience – These psychological attributes were assigned to each agent using the PMFs 
obtained from the HLMBS data. In HLMBS, agents’ answers to multiple questions were 
analyzed. The survey results indicated their psychological attributes of different kinds 
(e.g. hurricane knowledge, hazard intrusiveness, etc.). These psychological attributes 
were scaled into discrete values so as to model agents’ behaviors using statistical models 
(Peacock et al. 2005, Ge et al. 2011). The hurricane knowledge was scaled from 1 to 4 as 
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not very knowledgeable, slightly knowledgeable, somewhat knowledgeable, and highly 
knowledgeable, respectively; the hazard intrusiveness was scaled from 1 to 5 as never, 
rarely, occasionally, somewhat often, and very often, separately; and the hurricane and 
damage experiences were scaled as 1 or 0, indicating whether or not experienced 
hurricane and damage before, respectively. If an agent did not experience a hurricane, 
there would be no chance for him/her to experience hurricane damage. These scaled 
psychological attributes were used to quantify the agents’ risk perceptions and their 
behaviors or decision-makings for hurricane retrofits. 
The creation of the initial simulation domain is completed when the assignments 
for locations and attributes for the agents and buildings are completed. The locations of 
the householders along with the assigned age attribute are plotted in Fig. 4.7. The 
comparisons between the overall PMFs from the survey data and the assigned statistics 
for selected agent attributes are given in Fig. 4.8. Good agreements between the empirical 











Fig. 4.7: Geographic distributions of attribute – age. 
 
 
4.6 Details of retrofit measures 
 
 
A key component of the agent-based hurricane mitigation framework is the 
Retrofits. We considered different wind and flood retrofit measures for different building 
types. Some common ones include installing secondary water resistance, improving roof 
deck attachment (e.g. from 6d@6/12 to 8d@6/6), improving roof-wall connection (toe-
nail to strap), installing shutter, adding wet flood-proofing, adding dry flood-proofing, 
constructing levees or floodwalls, etc. The complete list of retrofit measures considered 
in this study is given in Table 4.2. 
































Fig. 4.8: Comparisons between overall PMFs from survey data and model statistics for 
demographic attributes (a) age and (b) education, and psychological attributes (c) 
hurricane knowledge and (d) hazard intrusiveness. 
 
In this hurricane mitigation framework, agents were able to respond to incentives 
and decide which retrofit measures they wanted to implement. The decision making 
process of an agent whether to adopt certain retrofits is driven by financial incentive and 
risk perception of the agent. The decision module is introduced in Section 4.9. The costs 
associated with wind retrofit measures came from the FEMA P-804 Wind Retrofit Guide 






































































for Residential Buildings (FEMA 2010b) and the RSMeans Building Construction Cost 
Data (RSMeans 2011a). The costs for flood retrofit measures were adapted from the 
FEMA P-312 Homeowner’s Guide to Retrofitting (FEMA 2009). All costs were 
converted to 2011 U.S. Dollars using consumer price index inflation factors (Bureau of 
Labor Statistics 2013). The costs for wind and flood retrofits, as functions of SBTs, can 
be found in Appendix D. 
 
Table 4.2: Building retrofit measures 
Retrofit Measures Before Retrofit After Retrofit 
Secondary Water Resistance Without With 
Strapped Roof-Wall Connection Toe-nail Strap 




Shutter Without With 
Upgraded Garage Door Weak Standard 
Improved Roof Cover Type SPM1 BUR2 
Improved Roof Cover Quality Poor Good 
Superior Metal Roof Deck Attachment Standard Superior 
Masonry Reinforcement Without With 
Tie Downs Without With 
Wet Flood-Proofing 0 – 8 ft3 Up to 8 ft 
Dry Flood-Proofing 0 – 3 ft3 Up to 3 ft 
Levees and Floodwalls 0 – 6 ft3 Up to 6 ft 
 1 Single Ply Membrane 
 2 Built-up Roof 
 3 Height of measure before retrofit must be lower than that after retrofit 
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4.7 Combined hurricane wind and flood 
 
 
Another critical component in this hurricane mitigation framework is the 
Hazards. Both hurricane wind and flood hazards were taken into consideration. The 
combined hurricane wind and flood loss assessments were performed using the HAZUS-
MH combined wind and flood loss estimation methodology. The hazards not only affect 
the building inventory (due to demolition), but also influence agents’ responses to 
incentives. 
 
4.7.1 Modeling hurricane wind and flood 
 
 
A database of 50,000 years of full-track synthetic hurricanes was created using a 
MATLAB program developed by Liu and Pang (2015) based on the simulation approach 
proposed by Vickery et al. (Vickery et al. 2000, Vickery et al. 2009b). The surface wind 
speeds at 10 m elevation produced by a hurricane were computed using a wind field 
model (Georgiou 1985) along with a boundary layer model (Vickery et al. 2009a), and 
the corresponding flood elevations were computed using the SLOSH (Sea, Lake and 
Overland Surges from Hurricanes) program (Jelesnianski et al. 1992) developed by 
NOAA (National Oceanic and Atmospheric Administration). Details of this hurricane 
wind and flood modeling procedure can be found in Pei et al. (2014, 2015). The surface 
wind speeds and flood elevations for selected hurricane events were pre-calculated for 
each census block prior to performing the agent-based simulation. 
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4.7.2 HAZUS-MH combined wind and flood loss estimation 
 
 
The HAZUS-MH combined wind and flood loss estimation methodology was 
implemented in this hurricane mitigation framework to estimate hurricane losses. Using 
the HAZUS-MH loss and damage functions, the combined losses due to wind and flood 
were estimated by first computing the “wind-only” and “flood-only” losses, separately, 
and then combining them (FEMA 2012a,b). The HAZUS-MH “wind-only” loss 
estimation approach is based on a methodology called “hazard-load-resistance-damage-
loss” methodology (FEMA 2012a), which is illustrated in Fig. 4.9. Both “wind-only” 
damages and losses can be obtained from this methodology. The “wind-only” losses 
account for not only the losses due to pure wind speeds but also those caused by tree 
blow-downs (FEMA 2012a). The HAZUS-MH coastal flood model uses the HAZUS-
MH hurricane wind field model to drive both the storm surge and the wave models. The 
wave height is used to determine the flood hazard zone (A-zone or V-zone), and the 
water depth (i.e. inundation height) is utilized to estimate the “flood-only” damage and 
loss (FEMA 2012b). Note that, this flood hazard zone, which was only used to implement 
the HAZUS-MH loss estimation methodology, is different with the flood zones assigned 
in Section 4.4.2 (6). Since no wave model was used in this mitigation framework, the 
wave height was estimated through an equation [i.e. Eqn. (15) in Section 3.3.5]. These 
damage and loss functions were assigned to each building in Section 4.4.2 (11). As 
illustrative examples, the damage and loss functions for a typical one-story single family 
wood building without basement in coastal V-zone for both wind and flood damage and 
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loss estimations are given in Fig. 4.10. Note that, building damage and loss are only 
functions of peak wind speeds or maximum flood elevations. The wind damage function 
reports the probability of reaching or exceeding a given damage state (Ds or ds) (i.e. 
minor, moderate, severe, and destructive) and the wind loss function defines the wind 
loss in terms of percentage building replacement value. Since there was only one flood 
damage function (this damage function has the same functionality as the wind loss 
function) for both flood damage and loss estimations, the flood damage was defined as a 
fraction of the building replacement value (Legg et al. 2013). 
 
Fig. 4.9: HAZUS-MH wind-only loss estimation approach. 
 
Once the wind speed and flood elevation on a specific building were determined, 
the “wind-only” and the “flood-only” damage and loss were then computed. To calculate 
the monetary loss of a building, its replacement value is required. The determined 
damage state was next used to decide if a building needs to be demolished or not (see 
Section 4.8.3). The estimated “wind-only” and “flood-only” losses were utilized to 
compute the combined wind and flood losses using the following approach: 
 (1) Allocate the “wind-only” (W) and “flood-only” (F) losses expressed as 
fractions of the building replacement value to seven building sub-assemblies, which 
include foundation, structure frame, exterior wall, roof cover, etc., as a function of SOT 



















(2) Calculate the combined loss for each sub-assembly with the “wind-only” (Ws) 
and “flood-only” (Fs) losses expressed as fractions of their respective replacement values 
(i.e. replacement values of sub-assemblies): 
 s s s s sC W F W F    , (4.1) 
where, Cs is the combined wind and flood loss of each sub-assembly. 
(3) Multiple the combined loss of each sub-assembly (Cs) calculated from the 
previous Step by its replacement value expressed as a percentage of the building 
replacement value. 
(4) Compute the combined loss (C) by summing up the outcomes from Step (3) 
and apply the following constraint so that the combined loss does not exceed the building 
replacement value: 
    %100,min,max FWCFW  . (4.2) 
Note that, Eqn. (4.1) is based on the assumption that “wind-only” and “flood-only” losses 
are statically independent. The methodology summarized above was also applied to 
estimate the content losses. The content loss was estimated using a different set of loss 
functions and the value of content was assumed to be 50% of the building replacement 
value (FEMA 2012a,b). The total loss of a building includes both building and content 
losses. 
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Fig. 4.10: Typical HAZUS-MH building damage and loss functions – (a) wind damage 
functions, (b) wind loss function, (c) tree blowdown loss function, and (d) flood damage 
function. Ds or ds represents the damage state, and v is the wind speed. 
 
 
4.8 New constructions and demolitions of buildings 
 
 
To account for the building inventory change over time in the hurricane 
mitigation domain, new constructions and demolitions of buildings were considered. The 
new constructions were added to the hurricane mitigation domain to reflect the increase 













































































































































in housing needs due to population growth in the region over time. The demolitions of 
buildings occurred to not only the old buildings but also the buildings destructively 
damaged after a hurricane. 
 
 
4.8.1 New constructions of buildings 
 
 
Two scenarios were developed to model the new constructions that might 
possibly occur over time. The first scenario assumed that the inventory change in the 
future would follow the same pattern as that happened in the past. The building permits 
data (i.e. how many building permits issued) were obtained from the U.S. Census Bureau 
(U.S. Census Bureau 2013a) to estimate the new housing constructions. There were two 
types of building permits data, one at the State level with a long record, and the other one 
at the County level with a much shorter record. The State level data were used to 
construct a potential trend for future building constructions. The County level data were 
used along with the trend to project the numbers of future building permits issued. A 
completion rate (96% = completed / permitted constructions) found from the U.S. Census 
Bureau website (U.S. Census Bureau 2013b) was then applied to estimate the 
corresponding numbers of new constructions. The estimated annual new constructions, 
developed from the building permits data, were “copied and pasted” to the future. In 
other words, the future new construction rates were assumed to follow the exact same 
trends as the past (see Fig. 4.11a).  
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The other scenario utilized the so-called “headship rate” method. The headship 
rate is the percentage of householders in a pre-defined population group (e.g. grouped by 
age, gender, race, or others) (Myers et al. 2002, Davidson and Rivera 2003). Since the 
householder number is the same as the housing unit number (there is only one 
householder associated with a housing unit), the housing unit number can be estimated 
once the headship rate and the corresponding population are known. In this scenario, we 
used the 2010 U.S. Census data to calculate the headship rate and we assumed it would 
not change over the simulation time period. The population projections for Miami-Dade 
County were attained from the Florida Housing Data Clearinghouse (University of 
Florida 2013). Using these headship rate and population data, the number of future 
housing units constructed could be obtained. These housing unit numbers were then 
converted into building numbers for each SOT using the mean value of the unit 
boundaries of that SOT [e.g. for a RES3c (5-9 units), building number = unit number / 7].  
The numbers of new constructed RES1 over time in Miami-Dade County, FL for 
the two scenarios used in the hurricane mitigation framework are plotted in Fig. 4.11. 
Solid lines indicate survey data and dash lines represent future projections. The linear 
interpolations of the projected populations, which were reported every five years, resulted 
in the horizontal lines in Fig. 4.11b. The cumulative numbers of new constructions for the 
two scenarios are plotted in Fig. 4.11c. As can be clearly seen, the resultant new 
constructions from these two scenarios are close. But for the first 25 years, new 




Fig. 4.11: Numbers of estimated future new constructions for RES1 using (a) Scenario I 
and (b) Scenario II. Cumulative numbers of new constructions are given in (c). 
 
 
4.8.2 Locations of new constructions 
 
 
The new constructed buildings were located in the hurricane mitigation domain 
using the following methodology. The new constructions could locate either in pre-
defined empty cells or lots (see Section 4.4.1) or in an empty census block which was not 
occupied by buildings before. Road networks were generated artificially in empty census 









































































































blocks for the purpose of locating new constructions using the methodology discussed in 
Section 4.4.1 (i.e. using building setback distances from roadways). To mimic the growth 
of the cities, we assumed that the empty census blocks closer to the census blocks with 
previously constructed new buildings had higher probabilities to be selected for new 
constructions than those that were further away with only older constructions. For 
Miami-Dade County, these probabilities were modeled as the inverses of the distances to 
census blocks with new constructions. Besides, the new constructions with a specific 
SOT tended to be built in or close to a census block having buildings with the same type 
of SOT (e.g. single family dwellings and apartments usually do not collocate in the same 
sub-division). For each new construction, the building and agent attributes (see Section 
4.4 and 4.5) were assigned using the aforementioned data and methods accordingly. 
However, psychosocial attributes of the new agents (i.e. agents associated with new 
buildings), which were possibly moved in from the outside of the hurricane mitigation 
domain, were assumed to be weaker (e.g. less knowledgeable about hurricane) than the 
existing agents (see Appendix C for details). 
 
 
4.8.3 Demolitions of buildings 
 
 
As mentioned above, demolition of a building occurred either when the building 
was too old to be used or when it was destructively damaged after a hurricane. The 
determination of damage state was based on the HAZUS-MH wind and flood damage 
functions (Section 4.7.2). Since the wind damage function only provides the probability 
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to a damage state, a random number (0 and 1) was generated to decide if the building 
reached a particular damage state. If the building reached the destructive damage state, 
the building was demolished. The destructive damage state for flood hazard was defined 
as the damage state that accounts for no less than 40% of the building replacement value 
(Legg et al. 2013). The buildings might also be demolished due to aging. The building 
demolition rate (Table 4.3) as a function of age was obtained from the 2012 U.S. Census 
Housing Unit Estimates (U.S. Census Bureau 2012c). A building was deemed 
demolished if the generated random number (between 0 and 1) was less than the 
demolition rate shown in Table 4.3 for the age group of the building. The demolitions of 
buildings resulted in empty cells that are useful for future new constructions (see Section 
4.8.2).  
 
Table 4.3: Building demolition rate as a function of age 
Building Type Age of Structure Demolition Rate (%) 
Houses or Apartments 
≤ 10 years 0.000 
11 – 20 years 0.038 
21 – 30 years 0.077 
31 – 40 years 0.122 
41 – 50 years 0.197 
51 – 60 years 0.278 
61 – 70 years 0.428 
≥ 71 years 0.377 
Mobile Homes - 1.137 
 
 152 
4.9 Agents’ behaviors 
 
 
In this study, since the movements of agents were not considered, the primary 
focus of the developed ABM framework was to investigate the influences of incentives 
and hurricane hazards on the agents’ decision-making processes. The way how agents’ 
psychological attributes change due to encountered hazards is discussed in the next Sub-
section, followed by the implementation of the statistical models developed for the 
modeling of agents’ responses to incentives. 
 
 
4.9.1 Agents’ responses to hazards 
 
 
Agents’ responses to natural hazards were modeled in such a way that their 
psychological attributes, including hurricane knowledge, hazard intrusiveness, hurricane 
experience, and damage experience, might increase once they encountered hurricane 
hazard or decrease if they did not encounter hurricane hazard for a prolong period. The 
hurricane hazards were classified into 7 categories using associated peak wind speeds. As 
illustrated in Table 4.4, these 7 categories correspond to the 7 tropical cyclone 
classifications per the Saffir-Simpson scale (Simpson 1974). If the agent encountered a 
hazard at Category 1 or above, we assumed he/she experienced a hurricane (i.e. affected 
agent’s hurricane experience). If the loss of a building was greater than zero, we assumed 
the agent associated with the building experienced a damage (i.e. damage experience 
would increase). We assumed that the level of hurricane knowledge [see Section 4.5 (4)] 
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could increase only if the agent encountered a hazard at Category 6 or above. We also 
assumed that the increase of the hazard intrusiveness was affected by the category of the 
hazard. The higher the hurricane/storm category was, the more likely the hazard 
intrusiveness increased and more likely it increased by more than one level. The hazard 
intrusiveness had a probability to decrease as well if the agent did not experience any 
hazard for a long time. The change of hazard intrusiveness of an agent due to the change 
of wind speed from the simulated hurricane hazards are plotted in Fig. 4.12a. As can be 
clearly seen, the model captures the dynamic change of the hazard intrusiveness due to 
the variation of the simulated hurricane hazards. This mimics the reality that, the 
perceived hurricane risk (hazard intrusiveness) is higher to the agent right after a 
hurricane. However, their intrusiveness fades when the time elapses without a new 
hurricane event. This modeling procedure was inspired by the Google Trends presented 
in Fig. 4.12b, which shows that people’s search interests of the term “hurricane” decays 
over time.  
 
Table 4.4: Saffir-Simpson hurricane wind scale 
Category Tropical Cyclone Classification Wind Speed (mph) 
1 Tropical Depression ≤ 38 
2 Tropical Storm 39 – 73 
3 Hurricane Category I 74 – 95 
4 Hurricane Category II 96 – 110 
5 Hurricane Category III 111 – 129 
6 Hurricane Category IV 130 – 156 







Fig. 4.12: (a) Modeled changes of agent’s hazard intrusiveness due to variation of 
encountered hurricane hazards, inspired by (b) Google search interests of term 
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4.9.2 Agents’ responses to incentives 
 
 
Statistical models were used to model agents’ responses to multiple incentives. 
The incentives that can be considered in this hurricane mitigation framework include 
property tax reduction, lower insurance premium, lower-interest loan, and forgiveness 
loan. In this study, the property tax reduction (PTR) was used as an example to illustrate 
the methodology. Note that, Ge et al. (2011) modeled the agents’ responses to incentives 
for installing shutters. Due to lack of relevant studies in the modeling of agents’ 
responses to incentives for other retrofit measures, we augmented the outcomes of Ge et 
al. (2011) in our study to consider agents’ tendencies of implementing other retrofits (e.g. 
strapped roof-wall connection) given financial incentives. Since the data employed in the 
study by Ge et al. as well as ours came from the same Florida HLMBS, the regression 
coefficients in the statistical models from Ge et al. (2011) were utilized directly without 
modification. 
The modeling of the agents’ responses to incentives started from the 









If substituting z with a linear equation in terms of independent variables ix  ( 1 to i n ), 
the logistic function can be rewritten as 
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where, i  ( 0 to i n ) are the coefficients. Note that, the range of the logistic function is 
constrained between 0 and 1. It is, therefore, commonly used to represent the probability 
(P) of the dependent variable which equals a “YES” rather than a “NO”. In statistics, we 









Thus, by substituting Eqn. (4.4) into (4.5), logit can be re-expressed as 
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. (4.6) 
In this hurricane mitigation framework, agents’ responses to incentives were modeled 
using Eqn. (4.6). The scaled demographic and psychological attributes (see Section 4.5) 
were modeled as independent variables, and the β coefficients were adopted from Ge et 
al. (2011) which were computed through logistic regressions of survey data on shutter 
retrofits given various incentives. Once the logit was calculated, the respective 
probability of having a “YES” could be obtained. A random number (1 or 0) was then 
generated to check the decision of the agent on the acceptance of the incentive. “1” 
means acceptance, while “0” means rejection. 
Note that even for the same incentive, there are different levels (e.g. 25% or 50% 
PTR) and agents’ responses to these levels are different (Peacock 2003b). However, this 
effect was not considered in Ge et al. (2011). Therefore, we modified their method to 
account for agent’s motivations under different incentive levels before modeling agent’s 
decision making using Eqn. (4.6). In our modified method, a two-step procedure was 
employed to determine whether agents would retrofit their buildings. In the first Step, the 
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“motivation” of an agent to consider retrofitting his/her building was determined. If the 
agent was deemed “motivated”, Step Two was then utilized to compute the probability 
that the agent would actually follow through and implement the retrofits using the logit 
function [Eqn. (4.6)]. The agent’s motivation was modeled as a function of the incentive 
level using the HLMBS data. For PTR, the chances or percentages of an agent who gets 
motivated under different incentive levels are tabulated in Table 4.5. The higher the 
incentive level is or the more benefit the agent can get from the incentive, the more likely 
he/she is motivated. 
 
Table 4.5: Probabilities of agents who get motivated under different PTR levels 
PTR Levels (%) <10 11-20 21-30 31-40 41-50 >51 
Motivation Probability (%) 14.9 45.2 72.1 80.5 98.1 100 
 
Once the agent decided to accept the incentive, one or more measures could be 
adopted to retrofit the building. The probability of an agent to select specific retrofit 
measures depends on two rules: 
(1) An agent will optimize the provided incentive by selecting retrofit measures 
that have the closest total retrofit cost to the incentive value; and 
(2) An agent with a higher risk perception tends to spend more money on retrofits. 
Agent’s risk perception was modeled using a similar method as the one proposed in 
Peacock et al. (2005). Fig. 4.13 shows the probability-cost relationships developed using 
the above-mentioned rules for the selection of the retrofit measures. These relationships 
are modeled as beta distributions for a specific building in this mitigation framework. In 
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the development of the probability-cost functions, the retrofit cost ratios were defined as 
the retrofit costs normalized by the total cost of implementing all possible retrofit 
measures for the given building. When these functions were used, for different risk 
perception levels, a retrofit cost ratio was first determined by generating a random 
number following the corresponding beta distribution. The group of retrofit measures that 
had the closest retrofit cost ratio to the generated one was then selected as the adopted 
group of retrofit measures. It should be noted that, these beta distributions are building-
specific, because possible retrofit measures are different for different buildings. 
 
Fig. 4.13: Example modeled probability of accepting a retrofit measure as a function of 







































So far, a complete agent-based hurricane mitigation framework has been 
introduced. Using the aforementioned methodology, a case study was conducted to 
demonstrate the capability of the ABM framework. Details of the case study are given 
next in Section 4.10. 
 
 
4.10 Miami-Dade County case study 
 
 
A case study was performed for Miami-Dade County, FL using the proposed 
agent-based hurricane mitigation framework. Per the 2010 U.S. Census and the 2011 
ACS data, the total population in this area was around 2.5 million with a five-year 
averaged housing unit counts of nearly 987 thousand and a median household income of 
$43,957 (2011 USD). The total number of census blocks in this area was around 38 
thousand. In this hurricane mitigation framework, the locations as well as attributes of 
buildings and the attributes of agents were first initialized using historical survey data 
(see discussions in Section 4.4 and 4.5). Example PMFs along with the functions/ 
correlations utilized in the case study are documented in Appendices B and C. 
Simulations were then performed with a fixed time interval of one month. Hurricane 
hazards (see Section 4.7), building retrofits (see Section 4.6), new constructions and 
demolitions (see Section 4.8) occurred at every time step. Agents’ behaviors and their 
responses (defined using heuristic rules) on adopting retrofits given incentives and 
hurricane hazards are discussed in Section 4.9. The main objective of this case study was 
to investigate the impact of the PTR on the final direct societal costs related to hurricane 
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mitigations. These costs include repair costs (i.e. hurricane losses), retrofit costs, and 
demolition costs.  
 
 
4.10.1 Hurricane selection 
 
 
While ABM has been identified as one of the most promising methods for 
evaluating the global responses of complex systems, the ABM method is very 
computationally intensive. Instead of using the full time history of the 50,000 years of 
simulated hurricanes, three 25-year time history windows were selected for evaluating the 
effectiveness of various levels of the PTR incentive. The three time history windows 
were carefully selected from the entire 50,000-year simulation timeline to include a 
characteristic hurricane scenario in the middle of each time window. The characteristic 
events selected were hazard-consistent hurricane scenarios that produced joint wind and 
flood hazards with a mean recurrence interval (MRI) of 300 years.  
The methodology used for the selection of the hazard-consistent hurricane 
scenarios came from a previous study of the authors (Pei et al. 2015). The tracks of the 
selected characteristic hurricane scenarios are plotted in Fig. 4.14. These scenarios come 
from different directions towards the loss estimation domain (i.e. Miami-Dade County, 
FL) (see Fig. 4.14). These hurricane scenarios have similar MRIs; however, they produce 
spatially and temporally different wind speeds and flood elevations. Event #1 passing 
through the left (south and west) side of the hurricane mitigation domain produces higher 
flood elevations than Events #2 and #3 that pass through the right (north and east) side of 
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the hurricane mitigation domain. This is because the counter-clockwise rotation of the 
hurricane wind field in North Hemisphere pushes water towards the land on the right side 
of the hurricane track and the rotation pushes water away on the left side (Pei et al. 2015).  
 
Fig. 4.14: Tracks of selected characteristic hurricane scenarios. 
 
Once a hazard-consistent hurricane scenario (with a 300-year MRI) was selected 
from the complete 50,000 years of hurricane simulations, a 25-year window centered by 
the selected hurricane scenario was picked as the timeline for one simulation (see Fig. 
4.15). To ensure that the characteristic hurricane event could be used to represent the 
overall hurricane hazard of the selected timeline, the 25-year time frames were selected 
such that all other hurricane events occurred within the timeline had their MRIs 
significantly lower than the target MRI (i.e. 300 years in this case). The three selected 25-
year time windows and the associated groups of hurricane events in terms of their MRI 

































values are plotted in Fig. 4.15. Each solid circle indicates a hurricane event. Note that it is 




Fig. 4.15: Joint MRIs for the three timelines of selected hurricane events. 
 
 
4.10.2 Simulation procedure 
 
 
Using the three timelines of carefully selected synthetic hurricane events (25 
years each), 19 agent-based hurricane mitigation simulations were performed. Details of 
these simulations are tabulated in Table 4.6. Different combinations of selected hurricane 











































timelines, incentive levels and new construction scenarios were considered. The property 
tax rate for residential buildings was taken as the published value (i.e. 2.26515%) from 
the Office of the Miami-Dade County Property Appraiser (Miami-Dade County 2013). 
By comparing the real replacement and market values of randomly sampled buildings in 
Miami-Dade County, it was determined that the building market value roughly doubled 
the building replacement value. By multiplying the property tax rate with the doubled 
building replacement value, the property tax of a building could be obtained.  
 
Table 4.6: Simulation details 
Simulation Number 1 2 3 4 5 6 7 8 9 10 
Hurricane Timeline 1 1 1 1 1 1 2 2 2 2 
Incentive Level (% PTR) 0 15 25 35 50 75 0 15 25 35 
New Construction Scenario 1 1 1 1 1 1 1 1 1 1 
Simulation Number 11 12 13 14 15 16 17 18 19  
Hurricane Timeline 2 2 3 3 3 3 3 3 3  
Incentive Level (% PTR) 50 75 0 15 25 35 50 75 25  
New Construction Scenario 1 1 1 1 1 1 1 1 2  
 
 In every simulation time step (i.e. one month), new constructions were assumed 
to occur first, followed by the updates of agents’ demographic and psychological 
attributes. Agents’ demographic attributes (e.g. age, years in residence, etc.) were 
updated in the very first month of every year. Agents’ psychological attributes were 
updated right after a hurricane or six months after a hurricane if there was no hurricane 
occurred during that period of time. The PTR incentive program was assumed to last only 
for five years starting from the beginning of the simulation time period (i.e. 25 years) and 
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agents were allowed to take the benefit of incentive only once during the first five years. 
After the first five years, agents were still able to retrofit their buildings but with no 
incentive. To avoid over-decision, we assumed that agents’ retrofit decisions were made 
only once when there was an incentive or when their buildings were severely damaged 
after a hurricane. Hurricane hazards occurred over time identical with the patterns of 
those pre-selected synthetic hurricane events. If a building was destructively damaged 
after a hurricane, we demolished that building. Buildings also had chances to be 
demolished due to aging. The building inventory, hurricane losses, retrofit costs, and 
demolition costs obtained at every modeling time step were recorded for further analyses. 
 
 
4.10.3 Simulation results 
 
 
After the 19 simulations were conducted, their results are presented in this Sub-
section. Because of the new constructions and demolitions, building stock/inventory 
changed over time. The geospatial distributions of the building stock along with their 
year built attributes for every 5-year time interval are plotted in Fig. 4.16. This figure was 
generated using results from the Simulation #3 (see Table 4.6). Different colors represent 
different years when the buildings were built. Darker colors represent older buildings and 
lighter colors represent newer buildings. Older buildings were generally built closer to 
the City of Miami area, while newer buildings were constructed further away. The 





Fig. 4.16: Changes of building stock over time plotted with attribute – year built during 
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Fig. 4.16: (Continued). 
 
 
To visualize agents’ responses to incentives, the adoptions of building retrofit 
measures for WSF1 under different incentive levels at the beginning (Origin) and the end 
of the first 5-year simulation period, during which incentives were valid (see discussion 
in Section 4.10.2), are plotted in Fig. 4.17. Fig. 4.17 was created using results from the 
second hurricane timeline under all six incentive levels (i.e. Simulations #7 to #12). The 
retrofit measures plotted in Fig. 4.17 include secondary water resistance, improved roof 
deck attachment (8d@6/6), strapped roof-wall connection, shutter, wet flood-proofing, 
dry flood-proofing, and levees & floodwalls. As we can see from this figure, the 
percentage of buildings that have retrofit measures increases with the increase of the 
incentive level. This indicates that agents (or householders) responded differently under 
different incentive levels. The agents are more likely to retrofit their buildings if the 
incentives are higher. Some agents also retrofitted their buildings even without incentive 
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(0% PTR). The secondary water resistance retrofit, which has the highest percentage 
increase due to its low price, was the favorite, as opposed to the flood retrofit measures 
(i.e. wet flood-proofing, dry flood-proofing, and levees & floodwalls) that were less 
likely to be selected because of the high implementation costs (see Sub-section 4.9.2 and 
Appendix D for details). The small increase of the strapped roof-wall connection was 
expected because its adoption rate was already very high (more than 80%) at the 
beginning of the simulations. 
Other than the building inventory, the estimated hurricane losses along with the 
incentive and retrofit costs were combined to evaluate the effectiveness of different 
incentive levels on the reduction of direct hurricane related costs (HRCs). The HRCs are 
defined as the aggregate of hurricane repair costs (i.e. hurricane losses), building retrofit 
costs (partially or fully paid by incentives), and building demolition costs due to 
destructive damages. Before analyzing the cost-benefit of the incentives, we first 
compared the hurricane losses from the different timelines of events, and evaluated the 
contributions of the demolition costs as well as the impacts of the different new 










Fig. 4.17: Adoptions of building retrofit measures for WSF1 under different incentive 
levels. Origin reflects the condition at the beginning of the simulation period. Retrofit 
measures are numbered as (1) secondary water resistance, (2) superior roof deck 
attachment (8d@6/6), (3) strapped roof-wall connection, (4) shutter, (5) wet flood-































































Fig. 4.17: (Continued). 
 
In Fig. 4.18, the regional cumulative “wind-only”, “flood-only” and combined 
hurricane losses are plotted for all three hurricane timelines under 0% PTR incentive 
level. It can be seen from Fig. 4.18, Timeline 1 hurricanes produce the lowest combined 
losses (cumulative) and Timeline 2 produces the highest. The increases of the losses are 
mainly contributed to the selected hurricane scenarios that have a 300-year MRI, because 
the MRIs for other events are relatively small (see Fig. 4.15). The 300-year-MRI event in 
Timeline 1 has the lowest “wind-only” but the highest “flood-only” losses, while that 





































































event in Timeline 2 has the highest “wind-only” but the lowest “flood-only” losses. These 
were expected because of the wind speeds, flood elevations and approaching paths of the 
selected hurricane scenarios as discussed in Section 4.10.1 (also see Fig. 4.14). The 
“wind-only” losses are generally smaller than the “flood-only” losses for all events 
except for the ones with 300-year MRI. The reason of “flood-only” losses higher than the 
“wind-only” losses could contribute to the broad acceptance and implementation of the 
wind retrofit measures but a lack of adoptions of the flood retrofit measures due to their 
high prices (see Fig. 4.17).  
 
Fig. 4.18: Comparisons of cumulative hurricane losses among three timelines of selected 











































































































































To evaluate the contributions or impacts of the demolition costs and the new 
construction scenarios on HRCs, Fig. 4.19 and Fig. 4.20 are generated. Fig. 4.19 shows a 
comparison of the cumulative demolition costs due to destructive damages for Timeline 3 
hurricanes under 0%, 25% and 75% PTR levels (i.e. Simulations #13, #15 and #18); and 
Fig. 4.20 presents the cumulative HRCs using two new construction scenarios for 
Timeline 3 hurricanes under 25% PTR level (i.e. Simulations #15 and #19). In Fig. 4.19, 
the cases with 0% and 75% PTRs are shown to have the highest and lowest cumulative 
demolition costs, respectively. This is because, agents tended to retrofit their buildings 
more under higher incentive levels (see Fig. 4.17), and the number of hurricane induced 
demolitions decreased with the increase of retrofitting. Fig. 4.19 also shows that the 
selected hurricane events other than the one with 300-year MRI were not major 
contributors to destructive damages of buildings. Besides, the demolition costs are 
significantly lower than the hurricane losses (see Fig. 4.18) and will not play an important 
role in HRCs. In Fig. 4.20, the cumulative HRCs are presented to have higher values 
using Scenario II for new constructions than Scenario I. This can be explained using Fig. 
4.11. In Fig. 4.11c, the cumulative numbers of new constructions from Scenario II are 






Fig. 4.19: Cumulative demolition costs due to destructive damages for Timeline 3 
hurricanes under different incentive levels. 
 
 
Fig. 4.20: Cumulative HRCs for Timeline 3 hurricanes under 25% PTR level using two 
scenarios for new constructions. 












































































The comparisons of the cumulative HRCs under three different incentive levels 
(i.e. 0%, 25% and 75%) for Timeline 1 hurricanes are presented in Fig. 4.21. The 
cumulative HRC curves for Timelines 2 and 3 hurricanes are similar to that of Timeline 1 
and are presented in Appendix E. It can be seen from this figure, the cumulative HRCs 
increase as the incentive level increases at the early stage of the simulation period. 
However, the differences among them decrease when time passes by. Eventually, among 
the three PTR levels given in Fig. 4.21, the case with the highest PTR level (i.e. 75%) 
results in the lowest cumulative HRCs. This is a reasonable finding because at the early 
stage of the simulations, the contributions of the HRCs were mainly from the building 
retrofit costs with minor or no hurricane losses; when time elapsed, the cumulative 
hurricane losses started to increase (see Fig. 4.18). The cases with lower incentive levels 
experienced fewer adoptions of the retrofit measures, and thus produced greater hurricane 
losses comparing with the cases with higher incentive levels. The reduced hurricane 
losses finally surpassed the increased early-stage retrofit costs for the cases with higher 
incentive levels (e.g. 75% PTR) and led to reduced HRCs. The reductions of the HRCs 
under different incentive levels are plotted in Fig. 4.22a,b. In this figure, the HRC 
reductions are defined as the absolute differences between the cumulative HRCs with 
incentives (e.g. 15% PTR) and those without incentives (i.e. 0% PTR) at the end of the 
25-year simulation period. As can be clearly seen from Fig. 4.22, the incentive cost is 
only a small portion (< 20%) of the HRC reduction and the HRC reduction increases with 
the increase of the incentive level. However, its increasing rate significantly decreases as 
the incentive level reaches 50%. Therefore, a PTR between 50% and 75% may be an 
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optimal incentive level to implement for reducing the regional hurricane losses at Miami-
Dade County. 
 
4.11 Summary and conclusions 
 
A new agent-based simulation framework was developed for evaluating the 
effectiveness of incentive programs in mitigating regional hurricane hazards. This new 
ABM framework specifically considers the stakeholders’ points of view on the selections 
of retrofit measures. The proposed framework models each individual building and 
householder in detail. It is able to consider new constructions and demolitions of 
buildings, and evaluate the effectiveness of different incentive levels in reducing 
hurricane losses. We found that the framework captured the locations of buildings or 
agents, as well as the probability distributions of building and agent attributes very well. 
It also simulated the growth of the cites while taking building demolitions due to both 




Fig. 4.21: Comparisons of the cumulative HRC under different incentive levels for 
Timeline 1 hurricanes. 
 
The hurricane losses were found to be the dominant component of the hurricane 
related costs (HRCs), which include retrofit costs and demolition costs due to destructive 
damages as well. The rates of adopting retrofit measures, which include both wind and 
flood retrofits, increased with the increase of the incentive level. The higher incentive 
level, although noticed to produce higher HRCs at early stage of simulations (i.e. high 
upfront cost), was found to result in less HRCs at the end of the simulation period. This is 
because the simulation case with a higher incentive level was able to reduce the 
cumulative hurricane losses over time. By varying the property tax reduction (PTR) 
percentages, PRT reduction between 50% and 75% was found to be the optimal level for 
mitigating regional hurricane hazards at Miami-Dade County, FL.  





































Fig. 4.22: Relationships between HRC reductions and (a) incentive costs and (b) 
percentage PTR for three selected hurricane timelines. 
 
 






























































The proposed ABM framework can be used by local or state government to 
investigate the effectiveness of certain incentive programs in mitigating hurricane losses. 
Insurance companies may also use this simulation tool to evaluate the viability of certain 
incentive-based insurance premiums for a portfolio of insured properties. Even though 
the case study was only carried out for an example location (Miami-Dade County in 
Florida), and the simulations were only performed for selected hurricane events within a 
certain timeframe, the proposed framework is flexible and it can be applied to anywhere 
for any hazard level with any simulation time period. Nevertheless, it should be noted 
that the occurrence time of the characteristic hurricane scenarios, which in this case have 
a 300-year mean recurrence interval, within the given timeframe is important. The case 
study only considered those scenarios occurred at the middle of the simulation period, 
which was after the first five years when the incentives were valid. This means that the 
characteristic scenarios occurred after most retrofit measures were implemented. We 
would anticipate higher hurricane losses if the characteristic scenarios occurred within 
the first five years; however, the occurrence timing of the major hurricane events was not 
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CHAPTER FIVE 




In this study, the combined hurricane wind and flood hazards were quantified 
using the methodology proposed in Chapter Two considering the joint occurrence 
probability of hurricane wind and flood. The joint mean recurrence interval (MRI) 
contour plots and the hazard maps for Charleston Peninsula, SC were developed. The 
hazard-consistent hurricane scenarios (with similar joint MRIs) were selected based on 
the methodology proposed in Chapter Three along with the joint MRI contour plots 
generated from Chapter Two. The selected hurricane scenarios were imported into the 
HAZUS-MH program to perform combined hurricane wind and flood loss estimations. 
An agent-based hurricane mitigation framework was developed and utilized to evaluate 
the cost-benefit of various levels of property tax reduction as incentives for retrofitting 
residential dwellings for hurricane hazards. This mitigation framework considers building 
inventory change and householders’ decision making on the adoptions of retrofit 
measures. The hurricane losses were estimated using hazard-consistent hurricane 
scenarios (Chapter Three) by implementing the HAZUS-MH combined wind and flood 
loss estimation methodology. The hurricane events utilized in this study came from a 
long-term hurricane simulation program. The hurricane wind speeds were calculated 
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using a wind filed model along with a boundary layer model, and the flood elevations 
were computed using a storm surge model. 
The specific conclusions from Chapter Two that quantified the joint hurricane 
wind and surge hazards are given below: 
(1) Hurricane events that yield different combinations of wind speeds and surge 
heights, for example, high wind speed but low surge height, low wind speed but high 
surge height, and intermediate wind speed and surge height, can have the same joint MRI 
or return period. This finding suggests the necessity of quantifying joint hurricane wind 
and surge hazards. 
(2) Even though the joint hazards (e.g. joint histograms, joint hazard surfaces, 
joint hazard maps, etc.) were only quantified for Charleston Peninsula, SC, the proposed 
methodology is flexible and can be applied to elsewhere. The outcomes of the study can 
be used for the selections of the hazard-consistent hurricane scenarios (Chapter Three); or 
in a performance-based framework for coastal structure design, risk assessment, and loss 
estimation considering the combined effects of hurricane wind and surge. 
The specific conclusions from Chapter Three which proposed a methodology for 
selecting hazard-consistent hurricane scenarios are presented as follows: 
(1) In general, the hurricane events that pass by the western or southern side of 
the loss estimation domain tend to produce higher flood elevations than those that pass 
through the eastern or northern side. This is because the hurricane wind velocities in the 
Northern Hemisphere follow a counter-clockwise rotation. For those hurricanes that pass 
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through the western or southern side of the loss estimation domain, the hurricane wind 
driven floods move towards the land resulting in higher flood elevations. 
(2) Hurricane scenarios selected based on only wind speeds or only flood 
elevations may overestimate the combined hurricane wind and flood losses. The joint 
occurrence probability of hurricane wind and flood should be considered when 
performing scenario-based loss assessment. 
From Chapter Four that developed the agent-based framework for regional 
hurricane mitigation, the following conclusions can be drawn: 
(1) Homeowners modeled as “agents” were simulated to adopt retrofit measures 
under different incentive levels. The percentage of the adopted measures, which include 
both wind and flood retrofit measures, increased with the increase of the incentive level. 
(2) The higher incentive level, although noticed to produce higher hurricane 
related costs (HRCs = hurricane repair costs + building retrofit costs + building 
demolition costs due to destructive damages) at early stage of simulations, was found to 
result in less HRCs at the end of the simulation period. 
(3) The property tax reduction between 50% and 75% was found to be the 
optimal level for mitigating regional hurricane hazards at Miami-Dade County, FL in 
terms of reducing the HRCs over a 25-year timeframe with a 300-year MRI hurricane 
occurred within the timeframe. 
(4) The proposed agent-based framework can be used by coastal jurisdictions 
who make decisions on hazard mitigation or city planning, and insurance companies that 
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are interested in setting up incentive-based insurance premiums, which account for the 
stakeholders’ decision making. 
 
5.2 Future work 
 
 
To improve the current study, the following items are recommended for future 
work: 
(1) In quantifying the joint hurricane wind and surge hazards, the effects of tide 
and wave were not considered. The tidal effects can be taken into account by adding the 
tidal elevations to the surge heights, neglecting the minor coupling effect between tide 
and surge. The wave components, which are important in storm surge simulations, can be 
considered by running a coupled surge-wave model. 
(2) In the selection of the hazard-consistent hurricane scenarios, the regional 
effect was considered by weighting MRI values using population in each of the census 
blocks. However, the MRI values can also be weighted using other parameters (e.g. 
building exposure value), or other methodologies can be applied to account for the 
regional effect. 
(3) When evaluating the performance of the agent-based hurricane mitigation 
framework, only scenarios occurred at the middle of the simulation period were 
considered. Nevertheless, the occurrence time of the scenario is important. We would 
anticipate higher hurricane losses if the scenarios occurred were within the first five 
years, when agents were still motivated by incentives in retrofitting their buildings. 
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(4) In current version of the agent-based framework, interactions between 
agents are not simulated. Agents should be able to influence each other and respond to 
the changes induced by others. For example, agents are more likely to retrofit their 
buildings if the buildings they see in the neighborhood or on their daily routines are 
retrofitted. 
(5) The agent-based framework is also able to evaluate the effectiveness of 
other incentives, such as lower insurance premiums, lower-interest loans, and forgiveness 
loans. However, their analyses were not performed in this study. It is interesting to see 
which incentive results in the lowest HRC value and thus can be recommended for 
















An Example for Estimating Building Numbers in Census Blocks within a Given Census 
Block Group 
 
(1) Given a census block group, the unit counts for each SOT in the census 
block group and the total unit counts in every census block within the census block group 
are provided in Table A-1 and Table A-2, respectively. The maximum number of 
buildings in each census block is then estimated following Step (1) in Section 4.4.1. Their 
values are given in Table A-3.  
 
Table A-1: Unit counts for SOTs in the census block group 
SOT RES1 RES2 RES3a RES3b RES3c RES3d RES3e RES3f 
Unit 
Counts 
508 0 0 54 0 0 0 0 
 
Table A-2: Unit counts in every census block within the census block group 
Census Block 1 2 3 4 5 6 7 
Unit Counts 17 6 24 42 38 16 17 
Census Block 8 9 10 11 12 13  
Unit Counts 2 14 317 27 13 29  
 
(2) For the given census block group, determine all possible building counts for 
each SOT based on the unit counts of that SOT. In this case, we have 508 RES1 and 54 
RES3b units. The 508 RES1 units equal to 508 RES1 buildings as every RES1 building 
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contains only one unit. The possible building counts for the 54 RES3b units are tabulated 
in Table A-4. 
 
Table A-3: Maximum building numbers allowed in every census block within the census 
block group 
Census Block 1 2 3 4 5 6 7 
Max Building 
Number 
41 13 67 64 59 47 29 
Census Block 8 9 10 11 12 13  
Max Building 
Number 
9 24 330 32 29 45  
 
Table A-4: All possible building counts for 54 RES3b units 
 Building Counts 
RES3b with 3 units 2 6 10 14 18 
RES3b with 4 units 12 9 6 3 0 
 
(3) For each SOT existing in the census block group (i.e. RES1 and RES3b), 
randomly select building counts obtained from the previous Step (e.g. Table A-4) and 
assign the corresponding unit counts to the census blocks in the census block group. Once 
the unit counts are assigned to a census block, they are subtracted from the unit counts of 
that census block. The process starts from the SOT with the highest unit boundaries (i.e. 
RES3b), and the unit counts are rank ordered descendingly and assigned randomly to the 
census blocks. In this example, if we assume the randomly selected building counts are 6 
RES3b with 3 units and 9 RES3b with 4 units, the process starts from the RES3b with 4 
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units. These 4 units, which represent a RES3b building, are assigned to a randomly 
selected census block, say Census Block #5, and subtracted from its unit counts (i.e. 38 – 
4 = 34). An iteration procedure is sometimes required. Iterations are only performed 
when the unit counts being assigned are larger than the unit counts left in any census 
block within the census block group, or the final assigned building counts in a census 
block are larger than the maximum building counts (see Table A-3) allowed in that 
census block. If the maximum iteration number (e.g. 500) is reached before finding a 
solution, the previous assignment with the largest distance between two buildings are 
accepted. The final assigned building numbers are provided in Table A-5. 
 
Table A-5: Assigned building numbers for each SOT and census block 
Census Block RES1 RES2 RES3a RES3b RES3c RES3d RES3e RES3f 
1 17 0 0 0 0 0 0 0 
2 2 0 0 1 0 0 0 0 
3 24 0 0 0 0 0 0 0 
4 38 0 0 1 0 0 0 0 
5 30 0 0 2 0 0 0 0 
6 12 0 0 1 0 0 0 0 
7 8 0 0 3 0 0 0 0 
8 2 0 0 0 0 0 0 0 
9 7 0 0 2 0 0 0 0 
10 317 0 0 0 0 0 0 0 
11 20 0 0 2 0 0 0 0 
12 10 0 0 1 0 0 0 0 




Summary of Statistics Implemented in Building Attributes Assignments for Miami-Dade 
County, FL 
 
Table B-1: Distances used to locate initial building stock (see Section 4.4.1) 
 
Empty blocks or blocks 
with only RES1 or RES2 
Blocks with mixed 
RES1, RES2, or RES3  
Blocks with only 
RES3 
DTR (m) 18 18 18 
DBB (m) 32 64 96 
 



















































Table B-3: Coefficients modeling lognormal means and standard deviations as linear 
functions of household income (“y=ax+b”) for square footage assignments [see Section 
4.4.2 (3)] 
 
Lognormal Mean Lognormal Standard Deviation 
a b a b 
RES1 0.0048 7.2357 0.0005 0.3518 
RES2 0.0053 6.7302 -0.0049 0.4303 
RES3a-b 0.0026 6.7237 -0.0021 0.2755 
RES3c-f 0.0079 6.5722 -0.0040 0.4300 
 
Table B-4: PMFs as functions of income ratio for assigning construction class [see 
Section 4.4.2 (4)] 
Income Ratio 
PMF (%) 
Economy Average Custom Luxury 
< 0.5 100 0 0 0 
0.5 ~ 0.85 75 25 0 0 
0.85 ~ 1.25 0 75 25 0 
1.25 ~ 2 0 0 100 0 








Table B-5: PMFs as functions of income ratio for assigning number of stories [see 
Section 4.4.2 (4)] 




1 Story 93.2 90.8 90.7 80.5 74.2 
2 Stories 5.8 9.2 8.5 18.9 23.4 
3 Stories 0.0 0.0 0.0 0.0 1.6 
Split Level 1.0 0.0 0.8 0.6 0.8 
RES2 1 Story 100 100 100 100 100 
RES3 
1-2 Stories 68 68 68 68 68 
3-4 Stories 24 24 24 24 24 
5+ Stories 8 8 8 8 8 
 




1-Car 2-Car 3-Car Carport None 
< 0.5 26.0 32.6 1.9 8.7 30.8 
0.5 ~ 0.85 25.2 34.3 2.3 6.9 31.3 
0.85 ~ 1.25 16.9 47.7 3.1 8.5 23.8 
1.25 ~ 2 15.1 59.1 5.0 3.2 17.6 







Table B-7: Example scheme for mapping SOT (RES3b) to SBT [see Section 4.4.2 (5)] 
SBT WSF1 WSF2 WMUH1 WMUH2 WMUH3 MSF1 MSF2 
PMF (%) 0.0 0.0 9.3 40.3 12.4 0.0 0.0 
SBT MMUH1 MMUH2 MMUH3 MLRM1 MLRM2 MLRI MERBL 
PMF (%) 3.7 17.1 10.2 0.0 0.0 0.0 0.0 
SBT MERBM MERBH MECBL MECBM MECBH CERBL CERBM 
PMF (%) 0.0 0.0 0.0 0.0 0.0 4.0 0.0 
SBT CERBH CECBL CECBM CECBH SPMBS SPMBM SPMBL 
PMF (%) 0.0 0.0 0.0 0.0 0.0 0.0 0.0 
SBT SERBL SERBM SERBH SECBL SECBM SECBH  













PMF (%) 0.0 0.0 0.0 0.0 0.0   
 
Table B-8: Example PMF adjustments modeled as linear trends between 2003 and 2009 
to account for the building configuration changes due to changes of building codes [see 
Section 4.4.2 (5)] 
Year 2003 2009 
PMF for WSF1 
(%) 
Roof Shape 
Hip 38 60 
Gable 62 40 
Secondary Water 
Resistance 
Yes 0 70 
No 100 30 
Roof Deck 
Attachment 
6d @ 6”/12” 25 10 
8d @ 6”/12” 32 25 
8d @ 6”/6” 43 65 
Roof-Wall 
Connection 
Toe-nail 15 1 
Strap 85 99 
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Table B-9: PMFs for assigning foundation type (adjustments modeled as linear trends 









Basement Crawl Fill Slab 
A Zone - 0 0 0 23 35 0 42 
Pre-FIRM 
Coastal Zones 
- 34 7 2 0 20 0 37 
Post-FIRM 
Coastal V Zone 
2002 80 15 2 0 1 0 2 
2009 90 10 0 0 0 0 0 
Post-FIRM 
Coastal A Zone 
2002 50 15 2 0 20 0 13 
2009 68 22 0 0 6 0 4 
 
Table B-10: BFE Adjustments modeled as linear trends between 2002 and 2009 [see 
Section 4.4.2 (8)] 
Year 2002 2009 
BFE 0.8*bfe bfe (from FIRM) 
 
Table B-11: Allowable maximum foundation heights [see Section 4.4.2 (8)] 
 




Basement Crawl Fill Slab 
Pre-FIRM 8 6 8 3 3 2 1 





Table B-12: PMFs modeled as functions of BFEs and flood zones for assigning existing 
flood retrofit measures (linear interpolation is performed given any BFE) [see Section 
4.4.2 (9)] 
Zone Type A Zone Coastal V or A Zone 




0 40 50 42 
Dry 
Floodproofing 
0 40 50 42 
Levees & 
Floodwalls 






Summary of Statistics Implemented in Agent Attributes Assignments for Miami-Dade 
County, FL 
 
Table C-1: Example PMF for assigning agent’s age [see Section 4.5 (1)] 
Age 
Range 
15-24 25-34 35-44 45-54 55-59 60-64 65-74 75-84 85-94 
PMF 
(%) 
1.4 9.9 17.2 11.1 3.7 8.2 17.7 15.1 15.6 
 
Table C-2: Example PMF for assigning agent’s gender as a function of agent’s age [see 
Section 4.5 (2)] 
Age Range 15-17 18-19 20 21 22-24 25-29 30-34 
PMF 
(%) 
Male 69.7 38.5 0.0 27.0 81.0 19.6 47.2 
Female 30.3 61.5 100.0 73.0 19.0 80.4 52.8 
Age Range 35-39 40-44 45-49 50-54 55-59 60-61 62-64 
PMF 
(%) 
Male 43.6 57.0 36.3 66.4 43.6 48.0 52.8 
Female 56.4 43.0 63.7 33.6 56.4 52.0 47.2 
Age Range 65-66 67-69 70-74 75-79 80-84 85+  
PMF 
(%) 
Male 42.5 46.2 41.0 63.7 57.5 100.0  
Female 57.5 53.8 59.0 36.3 42.5 0.0  
 
Table C-3: Example PMF for assigning agent’s race [see Section 4.5 (2)] 




Hispanic Non-Hispanic Hispanic Non-Hispanic 
7.0 93.0 53.7 46.3 
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Table C-4: Example PMF for assigning agent’s education as a function of agent’s age and 






























M1 14.9 85.1 0.0 0.0 0.0 0.0 0.0 
F2 100.0 0.0 0.0 0.0 0.0 0.0 0.0 
18-
24 
M 1.8 10.0 40.6 41.7 4.9 1.0 0.0 
F 4.1 0.0 34.0 59.9 0.3 1.8 0.0 
25-
34 
M 0.0 13.6 13.6 42.0 29.5 0.7 0.7 
F 0.1 4.6 33.5 30.8 12.4 18.2 0.3 
35-
44 
M 3.2 22.0 50.1 19.9 1.5 3.2 0.0 
F 6.9 27.1 26.5 26.7 4.3 2.2 6.3 
45-
64 
M 9.8 15.9 30.6 15.2 6.3 18.8 3.4 
F 8.8 9.9 37.0 19.9 6.6 17.9 0.0 
≥ 
65 
M 31.6 11.3 50.6 2.8 0.0 0.0 3.6 
F 24.5 23.6 29.4 12.1 0.0 3.0 7.3 
1 M = Male; 2 F = Female 
 





















Table C-6: Example PMFs for assigning the attribute – with child under 12 in home [see 
Section 4.5 (3)] 
With Child Under 18 in Home Yes No 
PMF (%) 42.1 57.9 
 
Child’s Age < 3 3 ~ 4 5 6 ~ 11 12 ~ 17 
PMF (%) 20.1 7.2 3.5 36.4 32.8 
 










PMF (%) 3 3 26 68 
 
Table C-8: PMF for assigning hazard intrusiveness [see Section 4.5 (4)] 




PMF (%) 5 9 28 42 16 
 
Table C-9: PMF for assigning hurricane experience [see Section 4.5 (4)] 
 Yes No 
PMF (%) 87.2 12.8 
 
Table C-10: PMF for assigning damage experience [see Section 4.5 (4)] 
 Yes No 














PMF (%) 4.6 4.6 39.8 51 
 
Table C-12: PMF for assigning hazard intrusiveness to new agents [see Section 4.8.2] 




PMF (%) 6.7 12.1 37.7 31.5 12 
 
Table C-13: PMF for assigning hurricane experience to new agents [see Section 4.8.2] 
 Yes No 
PMF (%) 65.4 34.6 
 
Table C-14: PMF for assigning damage experience to new agents [see Section 4.8.2] 
 Yes No 






Summary of Retrofit Costs 
 
Table D-1: Costs for wind retrofit measures (2011 USD / ft2) 
SBT Before Retrofit After Retrofit 
Roof Type 
rship rsgab rsflt 
WSF1 
swrno swrys 2.03 2.81  
rda6d rda8d 2.3 2.88  
rda6d rda8s 2.56 3.2  
rda8d rda8s 2.56 3.2  
tnail strap 7.19 7.19  
gdwkd gdstd 1.35 1.35  
shtno shtys 2.58 2.58  
WSF2 
swrno swrys 1.26 2.03  
rda6d rda8d 1.28 1.86  
rda6d rda8s 1.42 2.06  
rda8d rda8s 1.42 2.06  
tnail strap 9.77 9.77  
gdwkd gdstd 2 2  
shtno shtys 2.58 2.58  
WMUH1 
rcspm rcbur   5.17 
rqpor rqgod   3.02 
rqpor rqgod   5.17 
rda6d rda8d   1.84 
rda6d rda8s   2.05 
rda8d rda8s   2.05 
tnail strap   7.19 
shtno shtys   2.58 
swrno swrys 2.03 2.81  
rda6d rda8d 2.3 2.88  
rda6d rda8s 2.56 3.2  
rda8d rda8s 2.56 3.2  
tnail strap 7.19 7.19  
shtno shtys 2.58 2.58  
WMUH2 
rcspm rcbur   3.11 
rqpor rqgod   1.81 
rqpor rqgod   3.11 
rda6d rda8d   0.9 
(To be continued) 
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(Continued) 
SBT Before Retrofit After Retrofit 
Roof Type 
rship rsgab rsflt 
WMUH2 
rda6d rda8s   0.99 
rda8d rda8s   0.99 
tnail strap   9.77 
shtno shtys   2.58 
swrno swrys 1.26 2.03  
rda6d rda8d 1.28 1.86  
rda6d rda8s 1.42 2.06  
rda8d rda8s 1.42 2.06  
tnail strap 9.77 9.77  
shtno shtys 2.58 2.58  
WMUH3 
rcspm rcbur   1.87 
rqpor rqgod   1.08 
rqpor rqgod   1.87 
rda6d rda8d   0.43 
rda6d rda8s   0.47 
rda8d rda8s   0.47 
tnail strap   9.77 
shtno shtys   2.58 
swrno swrys 0.78 1.48  
rda6d rda8d 0.71 1.2  
rda6d rda8s 0.79 1.33  
rda8d rda8s 0.79 1.33  
tnail strap 9.77 9.77  
shtno shtys 2.58 2.58  
MSF1 
swrno swrys 2.03 2.81  
rda6d rda8d 2.3 2.88  
rda6d rda8s 2.56 3.2  
rda8d rda8s 2.56 3.2  
tnail strap 7.19 7.19  
gdwkd gdstd 1.35 1.35  
shtno shtys 2.58 2.58  
rmfno rmfys 11.47 11.47  
MSF2 
swrno swrys 1.26 2.03  
rda6d rda8d 1.28 1.86  
rda6d rda8s 1.42 2.06  
rda8d rda8s 1.42 2.06  
tnail strap 9.77 9.77  
gdwkd gdstd 2 2  








rship rsgab rsflt 
MSF2 
shtno shtys 2.58 2.58  
rmfno rmfys 11.47 11.47  
MMUH1 
rcspm rcbur   5.17 
rqpor rqgod   3.02 
rqpor rqgod   5.17 
rda6d rda8d   1.84 
rda6d rda8s   2.05 
rda8d rda8s   2.05 
tnail strap   7.19 
shtno shtys   2.58 
rmfno rmfys   11.47 
swrno swrys 2.03 2.81  
rda6d rda8d 2.3 2.88  
rda6d rda8s 2.56 3.2  
rda8d rda8s 2.56 3.2  
tnail strap 7.19 7.19  
shtno shtys 2.58 2.58  
rmfno rmfys 11.47 11.47  
MMUH2 
rcspm rcbur   3.11 
rqpor rqgod   1.81 
rqpor rqgod   3.11 
rda6d rda8d   0.9 
rda6d rda8s   0.99 
rda8d rda8s   0.99 
tnail strap   9.77 
shtno shtys   2.58 
rmfno rmfys   11.47 
swrno swrys 1.26 2.03  
rda6d rda8d 1.28 1.86  
rda6d rda8s 1.42 2.06  
rda8d rda8s 1.42 2.06  
tnail strap 9.77 9.77  
shtno shtys 2.58 2.58  
rmfno rmfys 11.47 11.47  
MMUH3 
rcspm rcbur   1.87 
rqpor rqgod   1.08 
rqpor rqgod   1.87 
rda6d rda8d   0.43 








rship rsgab rsflt 
MMUH3 
rda6d rda8s   0.47 
rda8d rda8s   0.47 
tnail strap   9.77 
shtno shtys   2.58 
rmfno rmfys   11.47 
swrno swrys 0.78 1.48  
rda6d rda8d 0.71 1.2  
rda6d rda8s 0.79 1.33  
rda8d rda8s 0.79 1.33  
tnail strap 9.77 9.77  
shtno shtys 2.58 2.58  
rmfno rmfys 11.47 11.47  
MERBL1 
rcspm rcbur 5.17 
shtno shtys 2.58 
rd100 rd110 2.88 
MERBM1 
rcspm rcbur 1.87 
shtno shtys 2.58 
rd100 rd110 1.03 
MERBH1 
rcspm rcbur 0.67 
shtno shtys 2.58 
rd100 rd110 0.37 
CERBL1 
rcspm rcbur 5.17 
shtno shtys 2.58 
CERBM1 
rcspm rcbur 1.87 
shtno shtys 2.58 
CERBH1 
rcspm rcbur 0.67 
shtno shtys 2.58 
SPMBS1 
shtno shtys 2.58 
rd100 rd110 2.88 
SPMBM1 
shtno shtys 2.58 
rd100 rd110 2.88 
SPMBL1 
shtno shtys 2.58 
rd100 rd110 2.88 
SERBL1 
rcspm rcbur 5.17 
shtno shtys 2.58 
rd100 rd110 2.88 
SERBM1 
rcspm rcbur 5.17 
shtno shtys 2.58 








rship rsgab rsflt 
SERBM1 rd100 rd110 2.88 
SERBH1 
rcspm rcbur 5.17 
shtno shtys 2.58 
rd100 rd110 2.88 
MHPHUD1 
shtno shtys 2.58 
mtdno mtdys 1.15 
MH76HUD1 
shtno shtys 2.58 
mtdno mtdys 1.15 
MH94HUDI1 
shtno shtys 2.58 
mtdno mtdys 1.15 
MH94HUDII1 
shtno shtys 2.58 
mtdno mtdys 1.15 
MH94HUDIII1 
shtno shtys 2.58 
mtdno mtdys 1.15 
1 Values are not given for any specific roof type 
 
Table D-2: Costs for Flood Retrofit Measures 
Flood Retrofit Measures Height (ft) Foundation Type 
Wet Floodproofing 
(2011 USD / ft2) 
 Basement Crawlspace 
2 3 2.3 
4 6.3 5.9 
8 17.8 - 
Dry Floodproofing 
(2011 USD / ft of wall 
cover) 
 Slab Fill Crawlspace 
3 17.6 
Levees and Floodwalls1 













Fig. E-1: Comparisons of the cumulative HRCs under different incentive levels for 
Timeline 2 hurricanes. 
 





































Fig. E-2: Comparisons of the cumulative HRCs under different incentive levels for 
Timeline 3 hurricanes. 
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